Domain Knowledge Annealing: A Structured Local-to-Global Paradigm for
Constructing Expert LL.Ms

Yikang Zhang!?, Zuchao Li**, Ping Wang>*, Lefei Zhang®,
Hai Zhao®, Bo Du*

' Academy of Advanced Interdisciplinary Studies, >School of Artificial Intelligence,
3School of Information Management, *School of Computer Science, Wuhan University
3School of Computer Science, Shanghai Jiao Tong University
{zhangyikang,zcli-charlie,wangping,zhanglefei, dubo}@whu.edu.cn
zhaohai@cs.sjtu.edu.cn

Abstract

Expertise in vertical domains requires more
than exposing LLMs to vast corpora; it de-
mands the systematic learning of complex logic.
Standard fine-tuning often treats data as an
unstructured collection, failing to capture the
dependencies needed for high-level reasoning.
We propose Domain Knowledge Annealing
(DKA), a curriculum learning paradigm de-
signed to improve domain proficiency. Inspired
by physical annealing, DKA organizes training
from local to global: it starts by injecting dis-
crete concepts via entity-centric samples and
progressively advances to synthesizing com-
plex, inter-document relationships. This pro-
gression allows the model to integrate isolated
facts into a coherent knowledge system. Ex-
periments on Linguistics and Law benchmarks
show that DKA outperforms standard strate-
gies, achieving state-of-the-art results among
comparably sized models in domain-specific
reasoning.

1 Introduction

The transformative potential of LLMs in vertical
domains, such as medicine (Thirunavukarasu et al.,
2023), finance (Li et al., 2023), and law (Sun,
2023), depends on their ability to function as rigor-
ous experts. Unlike general chat scenarios where
fluency suffices (Zhao et al., 2023; Minaee et al.,
2024; Li et al., 2025), specialized fields require
strict adherence to logical frameworks and syn-
thesizing definitive conclusions from complex evi-
dence. However, generic models frequently strug-
gle with deep reasoning, exhibiting hallucinations
and inconsistencies (Ge et al., 2023; Zheng et al.,
2025), limiting deployment in high-stakes environ-
ments.

We attribute this to a misalignment between
training dynamics and domain knowledge struc-
ture. True expertise resembles a structured network
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Figure 1: Conceptual comparison of training paradigms.
Standard unstructured fine-tuning (Left) causes defects.
DKA (Right) adopts an “annealing” schedule, progress-
ing from local facts to global reasoning, to ensure robust
knowledge integration.
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of interconnected concepts. Conversely, standard
fine-tuning treats data as unstructured “bags of to-
kens,” ignoring logical complexity. While recent
work suggests “Textbooks Are All You Need” (Gu-
nasekar et al., 2023), real-world domain data of-
ten remains fragmented. Traditional data synthe-
sis exacerbates this by extracting isolated facts
from intra-document contexts, yielding simplistic
question-answer (QA) pairs. These local samples
fail to challenge the model to integrate disjointed
knowledge, resulting in models proficient at re-
calling isolated facts but incompetent in complex,
multi-hop reasoning.

The lack of a structured curriculum compounds
these challenges. Mixing simple factual queries
with complex reasoning tasks creates distributional
conflicts, causing suboptimal learning dynamics
(Figure 1). Such disordered training induces gradi-
ent conflicts, hindering the balance between learn-
ing atomic facts and high-level reasoning. More-
over, compelling complex reasoning without a solid
factual foundation leads to plausible yet erroneous
chains (Huang et al., 2024). Additionally, distribu-
tion mismatches between synthetic and pre-training
data can trigger catastrophic forgetting, compromis-
ing general capabilities (Kirkpatrick et al., 2017;
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Zhang et al., 2022; Yang et al., 2024).

To address this, we introduce Domain Knowl-
edge Annealing (DKA)!, a structured curriculum
framework enhancing domain proficiency. Inspired
by thermodynamic annealing, DKA organizes train-
ing via a “Local-to-Global” progression. It be-
gins with local knowledge injection using intra-
document data to absorb high-entropy, discrete con-
cepts. This is followed by a controlled phase guid-
ing the model toward global reasoning, traversing
Knowledge Graph topologies to synthesize infor-
mation across documents. This curriculum mimics
annealing, integrating isolated facts into a coherent
expert knowledge system.

Methodologically, DKA integrates three core
components. First, we construct a fine-grained do-
main knowledge graph with provenance tracking to
map the corpus’s logical structure. Leveraging this
topology, our data synthesis algorithm utilizes rare
node identification and weighted random walks to
generate inter-document, multi-hop QA pairs. Fi-
nally, we employ a two-stage progressive training
regimen aligned with the annealing schedule, mini-
mizing the “alignment tax” by using the base model
for data refinement.

DKA also differs from retrieval-based paradigms
such as GraphRAG. GraphRAG supplies evidence
from an external knowledge base at inference
time (Edge et al., 2024), whereas DKA trains the
model on provenance-constrained reasoning paths.
In our evaluated setting, DKA obtains higher ac-
curacy than our implemented GraphRAG baseline
(Section 4.4); this result should not be interpreted
as showing that fine-tuning universally dominates
retrieval-augmented systems, whose performance
depends on retrieval and prompting choices. The
two paradigms are complementary: DKA is use-
ful when recurring domain reasoning should be
available offline, while GraphRAG can provide up-
datable external evidence.

Experiments on Linguistics and Law bench-
marks demonstrate that DKA surpasses standard
random shuffling baselines and achieves the best
results among comparably sized models, often out-
performing larger general-purpose models. DKA
further transfers to open-domain multi-hop ques-
tion answering (94.66% on the MuSiQue answer-
able dev split), suggesting that the local-to-global
ordering generalizes beyond curated vertical do-

'Our code and data are publicly available at https://
github.com/zyk42/dka.

mains. These results reveal that structured data
organization, specifically the transition from lo-
cal facts to global reasoning, is a decisive factor
comparable to data scaling for maximizing domain-
specific reasoning.

2 Related Work

2.1 Data Synthesis

High-quality Supervised Fine-Tuning data is the
cornerstone of effective domain adaptation. Yet,
manual construction of such data—particularly for
multi-document and multi-hop reasoning—remains
prohibitively expensive. Early synthesis methods,
represented by Self-Instruct (Wang et al., 2023;
Jeong, 2024), typically rely on general-purpose
priors or intra-document extraction. While scal-
able, these approaches often yield shallow instruc-
tion pairs that fail to challenge a model’s ability
to synthesize fragmented knowledge (Lu et al.,
2025; Susnjak et al., 2025). To address this, recent
works have begun to incorporate structural priors.
For instance, Synthetic-on-Graph constructs con-
text graphs to capture explicit knowledge associa-
tions (Ma et al., 2025), and Condor employs World
Knowledge Trees with self-reflection to enhance
data quality (Cao et al., 2025). Similarly, Wiz-
ardLM and Orca focus on progressively increasing
instruction complexity or leveraging explanation
traces to teach reasoning processes (Xu et al., 2023;
Mukherjee et al., 2023).

DKA transcends these approaches by transform-
ing the Knowledge Graph from a static reference
into a dynamic engine for reasoning path genera-
tion. Unlike Graph of Thoughts, which structures
reasoning only during the inference phase (Besta
etal., 2024; Yao et al., 2023), DKA internalizes this
structure directly into the training data. By integrat-
ing rare node identification with weighted random
walks, we synthesize complex, multi-hop QA pairs
that explicitly require inter-document information
synthesis. This fills a critical gap in automated data
generation, enabling models to learn “reasoning-
by-navigation” rather than simple pattern match-
ing (Song et al., 2025; Yang et al., 2025b).

2.2 Staged Training

Curriculum learning serves as a vital mechanism
for adapting LLMs to specialized domains (Xu
et al., 2020). While standard fine-tuning often
treats data as a uniform mixture, recent findings
indicate that data composition and ordering fun-
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damentally dictate model capabilities (Dong et al.,
2024; Liu et al., 2025b; Wang et al., 2025). Ex-
isting solutions typically rely on heuristic curric-
ula, prioritizing tasks based on surface metrics like
sequence length (Kim and Lee, 2024) or model
perplexity (Luo et al., 2024; Chen et al., 2025).
However, these proxies often fail to reflect the true
logical density of domain knowledge; a long se-
quence is not necessarily logically complex, and
high perplexity may stem from noise rather than
depth. Consequently, curricula based on these shal-
low metrics often struggle to foster genuine rea-
soning capabilities, as they do not align with the
intrinsic cognitive structure of the domain.

DKA fundamentally diverges from these heuris-
tic approaches by introducing a “Structure-Aware”
curriculum rooted in the topological complexity of
the domain knowledge graph. Instead of relying
on text length or loss signals, DKA defines diffi-
culty through connectivity: progressing from “Lo-
cal” tasks involving isolated nodes (atomic facts)
to “Global” tasks requiring the traversal of multi-
hop paths (complex reasoning). This topologi-
cal progression mirrors the cognitive process of
schema acquisition, where learners must internal-
ize discrete concepts before synthesizing them into
broader theoretical frameworks. By aligning the
training curriculum with the logical structure of
knowledge rather than statistical artifacts, DKA en-
sures a smoother and more robust acquisition of
expert-level reasoning.

2.3 Annealing

The metaphor of “annealing” in deep learning has
traditionally described learning rate schedules that
gradually reduce step sizes to settle models into
low-energy minima (Loshchilov and Hutter, 2016).
More recently, frontier models have shifted toward
“Data Annealing”—dynamically adjusting data dis-
tribution during terminal training stages to crystal-
lize capabilities (Dubey et al., 2024; Hu et al., 2024;
DeepSeek-Al, 2024). While effective, these meth-
ods often treat data annealing as a general quality
refinement process, lacking a rigorous structural
mapping between the data’s logical state and the
physical annealing phases. They typically rely on
filtering low-quality data rather than actively struc-
turing the thermodynamic evolution of knowledge.

DKA extends this paradigm by defining a rigor-
ous “Knowledge Annealing” process that is strictly
governed by domain topology. We posit that the
topological transition from isolated entities to in-

terconnected subgraphs provides the most faithful
mapping to the thermodynamic cooling process.
The first phase corresponds to the injection of high-
entropy, local intra-document data, allowing the
model to absorb discrete, disordered facts. The sec-
ond phase then transitions to low-entropy, global
inter-document reasoning paths, forcing the model
to settle these facts into a stable, ordered logical
lattice. This structure-based annealing ensures that
the integration of intelligence is not merely a statis-
tical reduction in loss, but a genuine formation of
coherent, evidence-grounded reasoning structures.

3 DKA: Domain Knowledge Annealing

This section presents DKA, a generalizable SFT
framework designed to construct domain-specific
large language models (Figure 2).

The design of DKA is motivated by the need
to address inherent limitations in learning from
unstructured text. Unstructured corpora often ob-
scure logical relationships between distant con-
cepts; to make these explicit, we introduce a Knowl-
edge Graph that reconstructs such connections.
Moreover, since standard training tends to overem-
phasize frequent concepts, we leverage rare-node-
guided synthesis to ensure exposure to the long
tail of knowledge. Drawing an analogy to physi-
cal annealing—where high thermal energy allows
atoms to rearrange before settling into a stable
state—we adopt a progressive training strategy that
evolves from local knowledge injection to global
reasoning integration. DKA integrates three core
components: (1) domain knowledge graph con-
struction with provenance tracking, (2) automated
synthesis of hierarchical SFT data, and (3) a two-
stage “Local-to-Global” progressive training reg-
imen. The overall workflow is outlined in Algo-
rithm 1.

3.1 Domain Knowledge Graph Construction

High-quality, structured knowledge organization
is foundational for synthesizing complex training
data and mitigating hallucinations (Pan et al., 2024).
We begin by processing raw domain texts (e.g., aca-
demic papers, professional books) to construct a
fine-grained Knowledge Graph. Unlike traditional
pipeline-based methods or unified extraction frame-
works like UIE (Lu et al., 2022; Yang et al., 2025¢),
we employ an LLM-driven information extraction
approach (Jiang et al., 2024) to identify entities,
attributes, and relations within semantically co-
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Figure 2: The proposed Domain Knowledge Annealing framework.

Algorithm 1. DKA: Domain Knowledge Anneal-
ing.
Input: Domain corpus D, Base LLM My
Output: Domain-specific LLM Mpka
Phase 1: Knowledge Graph Construction
C < DocumentChunking(D)
&, A, R <+ InformationExtraction(C, Mexact)
G < BuildGraph(&, A, R)
for v € V(G) do
v.source <— GetSourceChunk(v)

EANEE S

Phase 2: Intra-Document Data Synthesis
Qintra < 0
for c € C do

q + GenerateQuestion(Mqguestion, €)

a < RefineAnswer(Mbpase, g, €)
10: Qintra-append((g, a))

Phase 3: Inter-Document Data Synthesis
11: Viare < IdentifyRareNodes(G)
12: Qinier < 0
13: for vstat € Viare do
14: P < WeightedRandomWalk (G, vsart)
15: for p € P do

R R

16: Pamb < AmbiguifyNode(p)

17: q <+ GenerateQuestion(Mquestion, Damb )
18: a < RefineAnswer(Moase, ¢, D)

19: Qiner-append((gq, a))

Phase 4: Progressive Training
20: Miocal < SFT(Mbasey Qimra)
21: Mpka < SFT(Miocal, Qinter)
22: return Mpga

herent segments. This results in structured tuples
(€, A, R), where £ denotes entities, .A represents
attributes of entities, and R stands for relations
between entities, with each entity enriched with
detailed attribute information (e.g., name, descrip-
tions) to ensure graph integrity.

A defining characteristic of our approach is
Provenance Annotation: each node and edge in
the graph is explicitly linked to its source text
chunk and document ID. This traceability provides
the foundational premise for the subsequent inter-
document weighted random walk—a critical step
for generating diverse, evidence-grounded reason-
ing trajectories that remain faithful to the original
corpus (Sun et al., 2024). Refer to Appendix C for
detailed construction protocols.

3.2 Intra-Document QA Pair Generation

Intra-document QA pairs constitute the founda-
tional layer of domain knowledge. For each text
chunk, we leverage a more capable, thinking-
capable model to formulate a domain-relevant ques-
tion. To ensure data quality, we apply semantic
deduplication to remove redundant questions. Crit-
ically, we employ the base model itself to generate
the final answers based on the ground-truth chunks.
This self-refinement step ensures that the target dis-
tribution aligns with the model’s inherent linguistic
patterns, thereby facilitating efficient learning and
mitigating the “alignment tax” typically incurred
by distilling from external models.

3.3 Inter-Document QA Pair Generation

To foster inter-document integration and com-
plex reasoning, we design a KG-driven synthesis
pipeline that synthesizes multi-hop QA pairs requir-
ing information synthesis from disparate sources.
This pipeline consists of two key steps: Rare Node
Identification and Inter-Document Path Generation.
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3.3.1 Rare Node Identification

To mitigate the bias toward frequent entities, we pri-
oritize “long-tail” concepts. We identify the top k%
of nodes with the highest rarity scores as starting
points for reasoning paths, where the parameter k
determines the number of inter-document QA pairs
to be constructed and is set based on the actual
number of nodes in the graph (see Appendix E.2).
The rarity score R(v;) is defined as:

w(v;)

R(Uz) = din(vi) + dout(vi)

ey

where w(v; ) represents the semantic weight of the
node type, with a default value of 1 for ordinary
node types and values greater than 1 for impor-
tant node types (to amplify their contribution to
semantic criticality). d;, and dg,; are in-degree
and out-degree, respectively. Notably, R(v;) is not
calculated for isolated nodes—that is, nodes where
the in-degree and out-degree are simultaneously
zero—and such nodes are directly discarded. This
strategy guarantees exposure to structurally sparse
but semantically critical concepts.

3.3.2 Inter-Document Path Generation
Starting from a rare node, we generate multi-hop
reasoning paths via a weighted random walk. To
enforce inter-document reasoning, we introduce a
document diversity constraint into the transition
probability:

P(vegr | v1,v2,...,0) =
1+ X-Z{D(ve41) ¢ Dt}
YveN(w) L+ A Z{DW') & D}]

2

where v; is the node at step ¢, D(v;) de-
notes the document containing node vy, Dy =
{D(v1),D(v3),...,D(v)} is the set of docu-
ments visited so far, Z{-} is the indicator func-
tion, NV (v;) represents the set of nodes connected
to vy, and A is a hyperparameter that controls both
the path length distribution and document diver-
sity. The determination of A is discussed in the Ap-
pendix E.5. Path length is constrained between 3
and 6 hops (where paths with a final length shorter
than 3 hops are discarded, and the random walk
terminates upon reaching 6 hops) to balance com-
plexity and solvability.

Once a path P = (v1,v9,...,vg) is generated,
we collect the attribute information of the nodes

in the path (including the extracted text segments
for each node). These pieces of information—
comprising node attributes and their associated text
excerpts—form a multi-document context. Sub-
sequently, we employ the question model to con-
struct a complex question that requires integrating
inter-document content from all the collected in-
formation in the sequence. Finally, the base model
generates the answer based on this path informa-
tion, ensuring the reasoning process is grounded in
the integrated evidence.

3.3.3 Ambiguous Node

To prevent shortcut learning through superficial
pattern matching—where models rely on spurious
correlations rather than deep understanding (Gu-
rurangan et al., 2018)—we introduce ambiguity
when constructing questions based on graph paths.
Specifically, we mask the explicit entity name and
replace it with a set of identifying attributes or
a description. For example, instead of asking
“What is the relationship between Latin and mod-
ern Romance languages?”’, we might ask “What
is the relationship between an ancient language
of Indo-European origin with widespread distribu-
tion throughout the Roman Empire and modern
Romance languages?”, provided the description
uniquely identifies the node (Latin) within the con-
text. This forces the base model to perform multi-
step deduction when answering questions based on
the path—first inferring the entity identity from its
attributes and then proceeding with the relational
reasoning—thereby fostering deeper semantic com-
prehension.

Additionally, this ambiguity serves as a robust-
ness mechanism, mitigating the impact of potential
incompleteness or errors in the Knowledge Graph
by forcing the model to rely on semantic context
rather than exact graph matching. We further dis-
cuss and validate the effectiveness of this strategy
through ablation studies in Section 4.5 and a de-
tailed case study in Appendix F.

3.4 Local-to-Global Training as Knowledge
Annealing

We implement a “Local-to-Global” two-stage train-
ing regimen, which we conceptualize as a Knowl-
edge Annealing process.

Stage 1: Knowledge Injection. The model is
fine-tuned on intra-document QA pairs. This phase
prioritizes the internalization of domain-specific
terminology, definitions, and atomic facts, estab-
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lishing a robust knowledge base. By focusing on
local context first, the model absorbs vast amounts
of discrete, disordered atomic facts (High Entropy
regarding the structure of knowledge, i.e., a bag
of facts), analogous to the phase where atoms gain
energy and mobility.

Stage 2: Knowledge Annealing. The model
is further fine-tuned on inter-document, multi-hop
QA pairs. Building upon the internalized knowl-
edge, this stage acts as the annealing phase, forcing
these facts to establish strong logical connections
and reducing logical uncertainty (Low Entropy re-
garding the reasoning path, i.e., a structured lattice).
This high-quality, complex data anneals the model,
integrating the fragmented knowledge into a struc-
tured, expert-level reasoning capability.

This structured, progressive curriculum mirrors
the principles of thermal annealing: by first ele-
vating and then carefully tempering the model’s
“cognitive state,” we avoid the instability that arises
from learning atomic facts and complex relations
concurrently. The result is the systematic orga-
nization of initially fragmented knowledge into a
stable, crystalline reasoning faculty. Note that we
use “annealing” as a name for this structure-defined
curriculum rather than as a new optimizer or an ex-
plicit temperature schedule: the stage transition is
determined by provenance and graph connectivity,
not by a learning-rate schedule, sequence length, or
perplexity. The staged ordering itself is the testable
design choice, and Section 4.2 reports diagnostic
measurements supporting it.

4 Experiments

We evaluate the DKA framework across two dis-
tinct domains: Linguistics and Law. In addition,
we examine whether the approach transfers to open-
domain multi-hop question answering, using the
Wikipedia paragraphs of the MuSiQue training
split (Trivedi et al., 2022) as the corpus and its
answerable dev questions for evaluation (corpus
details in Appendix A.3). To isolate the impact
of our data composition and training strategy, we
enforce strict consistency in hyperparameters and
hardware environments across all experiments (de-
tailed in Appendix E). To mitigate the impact of
random noise, all reported results are the average
of 5 independent evaluation runs.

We first analyze the complexity of our synthe-
sized data. Figure 3 illustrates the token length
distributions for the Linguistics domain. Inter-

Strategy  Intra-Doc Inter-Doc  Local-to-Global
Local FT v X X
Mix FT v v X
DKA FT v v v

Table 1: Comparison of different training strategies.

document samples exhibit significantly longer se-
quences in both questions and answers compared
to intra-document samples, reflecting the increased
reasoning depth required to synthesize information
from disparate sources.

Question length distribution Answer length distribution

g

ter-doc
intra-doc

Frequency Rate
Frequency Rate

The number of tokens The number of tokens

Figure 3: Length distributions of intra-document/inter-
document questions and answers.

To benchmark DKA, we compare three distinct
training strategies outlined in Table 1: (1) Local
FT, trained exclusively on intra-document data; (2)
Mix FT, trained on a shuffled mixture of intra- and
inter-document data; and (3) DKA FT, our pro-
posed progressive approach that evolves from local
knowledge injection to global reasoning integration.

4.1 Effectiveness of DKA

4.1.1 Linguistics Domain Analysis

We first utilized the DKA framework to train a
linguistics-specific model based on Qwen3-8B. We
evaluated its performance on Lingua-Bench, a com-
prehensive benchmark we developed. It covers
diverse linguistics tasks (Xu et al., 2025), cate-
gorized by difficulty into “Easy” (factual recall)
and “Challenging” (multi-hop reasoning). We com-
pared it with strong baselines including GLM4-
9B/32B (GLM et al., 2024), Qwen3 series (Yang
et al., 2025a), GPT-40 (Achiam et al., 2023), and
DeepSeek-V3.2Exp (Liu et al., 2025a).

Results in Table 2 demonstrate the effectiveness
of our method. It can be observed that Qwen3-
8B (63.15%) outperforms GLM4-9B (62.64%),
justifying our choice of Qwen3-8B as the base
model, with model performance generally improv-
ing as parameter size increases. Our Qwen3-
8B + DKA FT model, with a score of 70.87%,
ranks second only to DeepSeek-V3.2Exp and sur-
passes the closed-source GPT-40 (69.37%). No-
tably, in challenging tasks, Qwen3-8B + DKA FT
(True/False 62.73%, Single Choice 47.54%) out-
performs DeepSeek-V3.2Exp (True/False 62.36%,
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Model Easy Challenging Avg.
True/False  Single Choice  True/False  Single Choice
GLM4-9B 66.06 68.60 55.13 39.34 62.64
Qwen3-30B-A3B 63.13 717.71 57.03 40.98 65.15
Qwen3-32B 69.83 77.71 58.56 42.62 68.20
GLM4-32B 67.32 76.60 57.03 37.70 66.09
GPT-40 71.23 78.18 60.83 43.72 69.37
DeepSeek-V3.2Exp 74.02 80.38 62.36 46.45 71.76
Qwen3-8B 67.18 71.66 50.19 36.43 63.15
+ Local FT 72.62 78.02 57.03 40.43 68.99
+ Mix FT 72.91 77.71 61.22 45.36 70.10
+ DKA FT 73.04 78.49 62.73 47.54 70.87

Note: Avg represents the ratio of all correct answers to the total number of questions

Table 2: Performance comparison on Lingua-Bench (Accuracy %).

Single Choice 46.45%). The superior performance
of Qwen3-8B + DKA FT, especially on challeng-
ing tasks, confirms that DKA successfully bridges
the gap between general model capabilities and
domain-specific reasoning.

4.1.2 Legal Domain Analysis

To validate the generalizability of DKA, we trained
legal domain models based on Qwen2.5-7B and
Qwen3-8B, and tested them on the DISC-Law-
Eval benchmark (Yue et al., 2023). First, we ap-
plied DKA to Qwen2.5-7B, a model with a strong
initial capability in the legal domain (61.45%).
Results (Table 3) show that DKA achieved a
substantial gain, reaching 67.62%. This perfor-
mance ranks second only to the massive DeepSeek-
V3.2Exp (70.11%) and surpasses larger models
like GLM4-32B (63.13%). To further verify the
robustness of DKA and determine if it is effec-
tive only on strong base models, we applied our
framework to Qwen3-8B, which has a relatively
weaker baseline (53.88%). Remarkably, applying
DKA yielded a dramatic improvement, boosting
the score to 63.71%—an increase of nearly 10 per-
centage points. These experiments reveal a critical
insight: across both the stronger and the weaker
base model, DKA consistently provides significant
performance uplifts.

4.1.3 Ablation on DKA

To further verify the efficacy of DKA, we tested
the models trained using the Local FT and Mix FT
methods. In the linguistic domain, Table 2 shows
that Qwen3-8B + Local FT, which was trained
on intra-document data, achieved an accuracy of
68.99%, surpassing Qwen3-32B (68.20%). Its
performance on “Easy” tasks and “Challenging”

True/False questions improved significantly (by
more than 5%), confirming the necessity of domain-
specific fine-tuning. Qwen3-8B + Mix FT, which
incorporates inter-document data during training,
further improved performance on “Challenging”
tasks (an approximate 5% increase) but showed
stagnation on “Easy” tasks; notably, its perfor-
mance on single-choice questions (77.71%) even
lagged behind Qwen3-8B + Local FT (78.02%).
This indicates that conflicting learning objectives
can impede model performance. Qwen3-8B +
DKA FT (70.87%), trained with the DKA frame-
work, outperformed both Qwen3-8B + Local FT
(68.99%) and Qwen3-8B + Mix FT (70.10%)
across all evaluation metrics, which corroborates
the effectiveness of sequential learning.

Similarly, in the legal domain, DKA outper-
formed both the Local and Mix strategies re-
gardless of whether it was applied to a stronger
or weaker base model. For example, Qwen2.5-
7B + DKA FT (67.62%) outperformed Qwen?2.5-
7B + Mix FT (66.45%), and Qwen3-8B + DKA
FT (63.71%) outperformed Qwen3-8B + Mix FT
(62.43%). These results are consistent with the
benefit of the structured ordering in our evaluated
settings, but do not establish that the framework is
model-agnostic or universally optimal.

4.2 Training Dynamics Analysis

To investigate training dynamics, we compared the
loss curves of DKA FT and Mix FT strategies. Fig-
ure 4 shows the training loss for the linguistics
domain model (loss for the legal domain model is
in the Appendix E.4). While both strategies show
similar initial declines, the DKA FT approach initi-
ates a new, deeper convergence phase in the second
stage, ultimately reaching a lower stable loss.
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Single Choice

Multiple Choice

Model Avg.
NJE PAE CPA UNGEE PFE LBK NIJE PAE CPA UNGEE
LexiLaw 20.11 23.73  24.87 31.56 3176 4036  7.56  10.14 19.17 16.09 21.50
LawGPT 2291 31.36 25.38 30.31 3471 29.09 626 7.61 16.67 13.79 20.60
ChatLaw 27.56 31.36 35.53 35.62 4235 41.09 799 942 11.67 17.24 25.20
DISC-LawLLM 42.09 40.68 39.59 50.94 57.06 5491 19.87 1848 19.17 25.29 37.10
GLM4-9B 53.82 5593 69.54 74.38 80.00 73.09 27.00 22.10 50.83 57.47 53.22
Qwen3-30B-A3B 56.61 61.02 80.71 79.69 85.88 8291 3456 3514 59.17 66.67 60.48
GLM4-32B 61.82 57.63 80.20 75.86 87.65 81.45 3542 3841 70.83 75.86 63.13
DeepSeek-V3.2Exp 67.23 68.64 86.80 91.25 9235 9236 4190 4891 73.33 73.56 70.11
Qwen3-8B 5475 56.78 72.59 77.81 78.82  76.00 24.75 25.72 43.33 55.17 53.88
+ Local FT 55.68 56.78 74.11 81.56 8294 7927 30.67 36.59 51.56 62.07 58.17
+ Mix FT 5829 5847 171.16 82.19 85.88 82.18 38.66 43.84 56.67 65.52 62.43
+ DKA FT 59.22 5847 77.66 84.69 8471 8327 3996 46.74 63.33 67.82 63.71
Qwen2.5-7B 58.85 55.08 81.73 80.62 90.59 81.09 3348 39.86 68.33 58.62 61.45
+ Local FT 61.64 71.19 79.19 81.88 83.53 82.18 38.88 4746 65.83 66.67 64.03
+ Mix FT 63.69 68.64 82.23 83.13 91.18 8436 39.96 50.00 66.67 65.52 66.45
+ DKA FT 64.80 68.64 84.26 84.06 9294 8691 40.17 5145 70.83 67.82 67.62

Note: Avg represents the ratio of all correct answers to the total number of questions.
NJE: National Judicial Exam; PAE: Patent Agent Exam; CPA: Certified Public Accountant; LBK: Legal Basics Knowledge;
UNGEE: Unified National Graduate Entrance Examination; PFE: Professional Front-end Examination.

Table 3: Performance comparison on DISC-Law-Eval benchmark (Accuracy %).

Qwen3-8B Training Loss Curves (Linguistics)

Qwen3-8B + Mix FT
m —— Qwen3-8B + DKA FT

Loss Value

o 2000 000 5000 8000

Training Steps

Figure 4: Comparison of training loss curves based on
Qwen3-8B (Linguistics). The DKA FT strategy con-
verges to a lower loss than Mix FT strategy.

Model MuSiQue Acc. (%)
Qwen2.5-7B 85.30
+ Local FT 88.43
+ Mix FT 91.27
+ DKA FT 94.66

Table 4: Transfer evaluation on the answerable dev split
of MuSiQue.

Beyond the two vertical domains above, we
also examine whether the local-to-global ordering
transfers to a noisier open-domain setting: multi-
hop question answering over Wikipedia paragraphs
from MuSiQue (Trivedi et al., 2022) (benchmark
details in Appendix B.4). As shown in Table 4,
with Qwen2.5-7B, DKA FT (94.66%) outperforms
Mix FT (91.27%) by 3.39 points on the answerable
dev questions, as scored by the LLM judge, sug-
gesting that the local-to-global ordering transfers
beyond vertical domains.

To probe the mechanism behind this second con-
vergence phase, we recorded two diagnostics on

Setting Avg. entropy  Grad. cos sim
DKA Stage 1 1.4108 0.6736
DKA Stage 2 1.3062 0.1580
Mix FT 1.4452 —0.0523

Table 5: Diagnostic training statistics on the MuSiQue
corpus: average token entropy and mean cosine similar-
ity between gradients of sampled batches.

the MuSiQue corpus (Table 5). First, the average
token entropy decreases from 1.4108 in DKA Stage
1to 1.3062 in Stage 2, whereas Mix FT remains at
1.4452, consistent with the intended transition from
local factual supervision to structured relational su-
pervision. Second, we measured the cosine similar-
ity between gradient vectors of batch pairs sampled
every 50 steps: 0.6736 for DKA Stage 1 (intra—
intra), 0.1580 for DKA Stage 2 (inter—inter, after
Stage 1), and —0.0523 for Mix FT (intra—inter).
The negative similarity under Mix FT indicates
that jointly optimizing the two supervision types
produces misaligned gradients, which DKA avoids
by separating them into consecutive stages. We
present these measurements as diagnostic evidence
rather than complete causal proof; a within-type
control under Mix FT is left to future work.

4.3 Impact on General Capabilities

A natural concern with domain-specific fine-tuning
is catastrophic forgetting. To examine this, we eval-
uated the trained models on MMLU (Hendrycks
et al., 2020), SuperGPQA (Team, 2025), and
BBH (Suzgun et al., 2023) (Table 6). All DKA vari-
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Model MMLU SuperGPQA BBH Domain Model Explicit Ambiguous
Qwen3-8B 76.89 31.64 78.40 Linguistics Qwen3-8B 69.53 70.87

+ Local FT (Lingua) 76.02 30.14 76.21 Law Qwen3-8B 63.23 63.71

+ Mix FT (Lingua) 73.21 28.06 74.88 Law Qwen2.5-7B 66.94 67.62

+ DKA FT (Lingua) 75.55 29.88 75.56 MuSiQue Qwen2.5-7B 94.18 94.66

+ Local FT (Law) 75.86 29.87 75.94

+ Mix FT (Law) 72.58 27.92 74.63 Table 8: Ablation on the ambiguous node strategy (Acc
+ DKA FT (Law) 74.54 29.74 75.93 %).

Qwen2.5-7B 74.16 2634 70.04 navigation.”

+ Local FT (Law) 71.06 25.96 67.82

+ Mix FT (Law) 70.02 24.93 65.25

+ DKA FT (Law) 70.65 2596  66.95 5 Conclusion

+ Local FT (MuSiQue) 72.23 26.34 68.37

+Mix FT (MuSiQue) ~ 70.34 2512 65.83 We introduce Domain Knowledge Annealing
+ DKA FT (MuSiQue) 71.82 26.14 67.86

Table 6: Performance on general benchmarks.

Domain Model GraphRAG DKA FT
Linguistics Qwen3-8B 66.04 70.87
Law Qwen3-8B 56.07 63.71
Law Qwen2.5-7B 63.17 67.62
MuSiQue Qwen2.5-7B 89.83 94.66

Table 7: GraphRAG vs. DKA (Acc %).

ants remain close to their base models, indicating
that DKA does not induce catastrophic forgetting.
Moreover, DKA consistently preserves general ca-
pabilities better than Mix FT: on Linguistics, DKA
scores 75.55/29.88/75.56 versus 73.21/28.06/74.88
for Mix FT, and on Law 74.54/29.74/75.93 versus
72.58/27.92/74.63. We attribute this advantage to
the staged schedule, which absorbs domain knowl-
edge progressively rather than exposing the model
to an abrupt heterogeneous mixture.

4.4 Comparison with GraphRAG

To verify KG quality and the necessity of fine-
tuning, we compare the base model with its
GraphRAG-equipped variant. Table 7 shows that
GraphRAG brings consistent gains over the base
model (Tables 2, 3, and 4) across all domains, con-
firming that our KG provides high-quality domain
knowledge missing from the base model. More im-
portantly, DKA FT further surpasses GraphRAG by
a clear margin in every setting, though conditional
on the particular graph and retriever.

4.5 Ablation on Ambiguous Node

To validate the ambiguous node strategy (Sec-
tion 3.3.3), we compare standard DKA against
a variant whose second stage uses explicit entity
names in cross-document QA pairs. Table 8 shows
that ambiguous nodes consistently outperform the
explicit variant in all settings; without the ambigu-
ity challenge, the model may resort to superficial
entity-name matching rather than “reasoning-by-

(DKA), a paradigm that transforms domain adapta-
tion from simple data exposure into rigorous knowl-
edge integration. By integrating a provenance-
aware knowledge graph with a “Local-to-Global”
curriculum, DKA guides models from absorbing
atomic facts to synthesizing stable reasoning struc-
tures, mirroring thermodynamic annealing. Eval-
uations across linguistics and law, including the
novel Lingua-Bench and a transfer study on open-
domain multi-hop QA (MuSiQue), show that DKA
achieves state-of-the-art results among compara-
bly sized models, often outperforming much larger
general-purpose models. These findings reveal that
the structural organization of training data is as de-
cisive as its quantity, paving the way for efficiently
creating trustworthy expert LLMs in high-stakes
domains.
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Limitations

DKA has several limitations. First, synthetic super-
vision inherits noise, omissions, and biases from
the source corpus and automatic graph extraction;
our node-removal study shows moderate robustness
to missing nodes, but relation-level errors and ad-
versarial graph construction remain untested. Sec-
ond, temporally inconsistent or contradictory docu-
ments may be merged into the same graph, yielding
conflicting paths; corpus versioning and conflict-
aware construction mitigate but do not solve this,
and dynamic maintenance remains open. Finally,
DKA adds graph-construction and QA-synthesis
cost and may not suit settings where evidence
changes frequently. These limitations motivate fu-
ture work on incremental updates, conflict resolu-
tion, and evaluation on noisier domains.
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Ethical Considerations

Developing domain-specific large language mod-
els carries ethical responsibilities. Our models,
particularly legal ones, are intended for research
and assistive purposes only, not as a substitute for
professional legal advice. Bias inherited from the
source corpora remains a concern: we filter harm-
ful content during data synthesis, but cannot guar-
antee its complete absence. Generated reasoning
chains could also be misused to produce plausible-
sounding misinformation, so deployment should
include human oversight and safety guardrails.
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Appendix
A Corpus Details

A.1 Linguistics Corpus

We collected 22,966 linguistics papers and 150
related professional books (all publicly available
and covering both Chinese and English), span-
ning various branches of linguistics such as syntax,
phonology, morphology, semantics, psycholinguis-
tics, sociolinguistics, and cognitive linguistics. For
texts that could not be directly converted to Mark-
down format, we used the MinerU tool for Optical
Character Recognition (OCR) processing (Wang
et al., 2024). We cleaned the text data by removing
irrelevant content such as publisher information,
page numbers, and references, as well as personal
privacy-related information.

A.2 Chinese Legal Corpus

The legal corpus is derived from open-source data,
which exclusively consists of Chinese-language
data and includes current Chinese legal texts as
well as public corpora in the legal domain, with all
personally sensitive information removed during
the preprocessing stage.

A.3 MuSiQue Corpus

For the open-domain transfer setting, we use the
Wikipedia paragraphs of the MuSiQue training
split (Trivedi et al., 2022) as the corpus (71,090
paragraphs). Following the same construction
pipeline as in the main domains, we build a
knowledge graph of 100,758 nodes and 105,140
edges over this corpus and synthesize 17,623 intra-
document and 9,040 inter-document QA pairs.
Evaluation is conducted on the 2,417 answerable
questions of the MuSiQue dev split with an LLM-
as-a-judge protocol (Appendix B.4).

B Benchmark Statistics

B.1 Lingua-Bench Statistics

Table 9 summarizes the composition of Lingua-
Bench, the first comprehensive benchmark specifi-
cally designed for the linguistics domain. Unlike
existing benchmarks that focus on general language
understanding, Lingua-Bench rigorously evaluates
domain-specific expertise across core subfields in-
cluding syntax, phonology, morphology, semantics,
psycholinguistics, sociolinguistics, and cognitive
linguistics.

The dataset comprises 1,799 questions, cate-
gorized into two types (True/False and Single
Choice) and two difficulty levels. “Easy” questions
(1,353 items) are curated from graduate entrance
examinations, assessing fundamental factual recall
and concept definition. “Challenging” questions
(446 items) are synthesized via an inter-document
knowledge graph to enforce multi-hop reasoning,
requiring the model to synthesize information from
disjoint sources rather than relying on rote memo-
rization. This stratified design fills a critical gap in
evaluating expert-level linguistic reasoning.

Type Difficulty Count
True/False Easy 716
True/False Challenging 263
Single Choice Easy 637
Single Choice Challenging 183
Total 1799

Table 9: Statistics of Lingua-Bench.

B.2 Legal Benchmark Statistics

The Legal Benchmark utilizes the DISC-Law-Eval
dataset, a comprehensive evaluation suite designed
to assess legal reasoning capabilities across diverse
difficulty levels and subject matters. As detailed in
Table 10, the benchmark encompasses a wide spec-
trum of legal expertise, ranging from fundamen-
tal concepts (Legal Basics Knowledge, LBK) to
highly specialized professional qualifications: the
National Judicial Exam (NJE), Patent Agent Exam
(PAE), Certified Public Accountant (CPA) exam,
and the legal track of the Unified National Graduate
Entrance Examination (UNGEE), plus the bench-
mark’s internal Professional Front-end Examina-
tion (PFE) subset. This multi-layered structure
allows for a fine-grained analysis of the model’s
proficiency in handling both routine legal queries
and complex, high-stakes case analysis.

Subject  Difficulty Single Choice Multiple Choice Total
NJE Hard 537 463 1000
PAE Hard 118 276 394
CPA Hard 197 120 317
UNGEE Medium 320 87 407
LBK Easy 275 - 275
PFE Easy 170 - 170
Total 1617 946 2563

Table 10: Statistics of Legal Benchmark (DISC-Law-
Eval).

B.3 General Benchmarks

We evaluate general capabilities using the follow-
ing standard benchmarks:
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« MMLU (Massive Multitask Language Un-
derstanding): A comprehensive test of gen-
eral knowledge and problem-solving abilities
across 57 subjects.

* SuperGPQA (Graduate-Level Google-
Proof Q&A): A challenging dataset
designed to test graduate-level reasoning and
domain-specific knowledge.

* BBH (Big-Bench Hard): A subset of Big-
Bench tasks that focuses on complex reason-
ing capabilities where language models typi-
cally struggle.

These benchmarks serve as a control group to
monitor catastrophic forgetting, ensuring that our
domain-specific optimization does not compromise
the model’s fundamental reasoning and general
knowledge base.

B.4 MuSiQue Benchmark

MuSiQue (Trivedi et al., 2022) is an open-domain
multi-hop QA benchmark built over Wikipedia, in
which each question is composed bottom-up from
interconnected single-hop questions and is explic-
itly filtered so that it cannot be solved by single-hop
shortcuts. Questions span 2—4 reasoning hops and
cover diverse reasoning structures (e.g., sequential
chains and branching compositions), making it a
stringent test of cross-document reasoning. We use
the answerable version (MuSiQue-Ans). Since the
official test annotations are not publicly released,
we evaluate on the 2,417 answerable questions
of the dev split. Rather than the official EM/F1
metrics, we adopt an LLLM-as-a-judge protocol:
a strong LLLM compares each generated answer
against the gold answer and judges its correctness,
which better accommodates free-form, generative
responses.

C Knowledge Graph Extraction

The construction of our domain knowledge graph
relies on LangExtract, an open-source structured
text extraction library developed by Google. This
library supports the extraction of structured text
by configuring specific extraction examples, and
we have defined two extraction types: entities and
relations.

For the entity type, the extracted information in-
cludes the entity name, the source document where
the entity is located, and the relevant attributes of

the entity. For the relation type, the extracted con-
tent covers the relation name, the name of the head
entity involved in the relation, the name of the tail
entity, and the corresponding source document of
the relation.

The primary reason for adopting LangExtract
lies in its document traceability capability: it can
label the source document of each extracted en-
tity and relation, which lays a solid foundation
for inter-document weighted random walk. The
extracted structured data can be converted with
minimal effort and then imported into Neo4j, on
which our knowledge graph is built. Subsequent
tasks, including rare node identification and inter-
document weighted random walk, are also imple-
mented by leveraging the GraphDatabase module
of the Python Neo4j library.

D Prompt Templates

D.1 Single-Document Data Synthesis

Question Generation Prompt

Description: You are an expert in [Domain)]
text analysis and question design, capable of ex-
tracting key [Domain] information from complex
paragraphs and generating high-quality ques-
tions to fine-tune datasets.

Reference Content:

{text}

Constraints:

1.Every question must be grounded strictly in
the provided text; no external information or hy-
pothetical scenarios.

2.Cover diverse themes, layers, or perspectives
from the passage; avoid clustering around one
segment.

3.Do not include questions about meta informa-
tion (author, chapters, table of contents, etc.).
4.Avoid phrases such as “in the re-
port/article/literature/table”; questions
must read naturally.

\.

Answer Generation Prompt

Description: You are an expert in generating
fine-tuning datasets, skilled at generating accu-
rate answers to questions from the given content,
ensuring the accuracy and relevance of the an-
swers.

Reference Content:

{text}

Question:

{question}

Constraints:

1.The answer must be based on the given con-
tent.

2.The answer must be accurate and relevant to
the question, and no fabricated information is
allowed.

3.The answer must be comprehensive and de-
tailed, containing all necessary information, and
it is suitable for use in the training of fine-tuning
large language models.

This section details the prompt templates em-
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ployed in our DKA framework for automated data
synthesis. These prompts are designed to guide
the base model in generating high-quality, domain-
specific Q&A pairs. We categorize them into two
distinct phases: Intra-Document Data Synthesis,
which focuses on extracting atomic knowledge
from individual texts, and Inter-Document Data
Synthesis, which leverages the Knowledge Graph
to construct complex, multi-hop reasoning tasks.

D.2 Inter-Document Data Synthesis

Question Generation Prompt

You are a senior expert in [Domain|, tasked
with designing a challenging multi-hop reason-
ing question for an advanced [Domain] course.
Based on the following knowledge graph infor-
mation, craft a question centered around the
“rare_node” that requires at least three reason-
ing steps to answer.

Knowledge graph information:

{record_json}

Design requirements:

1. Obscure key details (e.g., names of scholars,
dates, theory names, specific research objects,
etc.) to increase difficulty.

2. Do not explicitly mention all critical elements
from the knowledge chain; instead, hint at them
indirectly.

3. The question must require at least three dis-
tinct reasoning steps to arrive at the correct an-
swer.

4. The question should be grounded in profes-
sional [Domain] context, free of factual errors,
and must have a single unambiguous answer.

5. The question must focus on the “rare_ node,”
and the correct answer must directly relate to it.
6. Do not include phrases such as “according to
the provided information,” “based on the knowl-
edge graph,” or “given the reference data.”
Output only the question itself—no explana-
tions, no answers, and no additional text.

\

Answer Generation Prompt

You are a senior expert in [Domain], tasked with
answering a highly challenging multi-hop reason-
ing question derived from a [Domain]| knowledge
graph.
Knowledge
{record__info}
Question: {question}

Instructions for your response:

1. The answer is embedded within the provided
knowledge graph path, but you must articulate
a clear, step-by-step reasoning process to arrive
at it.

2. Your reasoning should be thorough, logically
sound, and grounded in [Domain| principles.

3. Do not mention phrases like “according to the
knowledge graph,” “based on the graph path,” or
any reference to external graph data.

4. You already possess this information as part
of your expertise—frame all reasoning as com-
ing from your own knowledge (e.g., “Based on
my knowledge,” “From what I understand,” “Re-
calling my knowledge”).

5. Avoid any wording that suggests you are
consulting, retrieving, or referencing an external
graph. Instead, present the information as inher-
ent to your expert understanding of [Domain].

graph path information:

E Experiment

E.1 Experimental Settings

We utilized LLaMA-Factory as our experimental
framework, employing the same training configu-
ration detailed below for both the linguistics and
legal domain models. The specific configuration is
as follows:

* Hardware: 4 x 32GB GPUs

* Batch Size: 1 per GPU (Data Parallel)
* Learning Rate: 5 x 1075

* LoRA Alpha: 16

* LoRA Rank: 8

* LR Scheduler: Cosine

* Max Grad Norm: 1.0

* Num Train Epochs: 2.0

* Optimizer: AdamW

E.2 SFT Data Construction Details

To construct a high-quality SFT dataset, we em-
ployed a stratified sampling strategy based on the
domain Knowledge Graph (KG), ensuring cover-
age of both fundamental facts and complex reason-
ing paths. For the Linguistics domain (410,533
nodes), we first sampled 100,000 intra-document
QA pairs to establish a broad knowledge base. To
enhance reasoning depth, we identified “rare nodes’
(top 15% rarity) as anchors for weighted random
walks, from which 44,006 valid inter-document
paths were generated (not every anchor yields a
walk satisfying the 3—-6 hop constraint). Simi-
larly, for the Legal domain (180,918 nodes), we
combined 60,000 intra-document QAs with 23,031
valid inter-document paths derived from top 20%
rare anchors. This dual-layered approach guaran-
tees that the model masters both atomic knowledge
and multi-hop reasoning capabilities.
Construction Efficiency. DKA achieves high
efficiency through parallel processing. Using a
locally deployed Qwen2.5-7B via vLLM (16 con-
currency) as the extraction model, we attained an
extraction rate of approximately 15,000 nodes per
hour. Consequently, constructing the Linguistics
graph took about 30 hours, while the Legal and
MuSiQue graphs required 14 and 7 hours, respec-
tively (Table 11). Notably, graph construction is

’
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significantly faster than QA synthesis, particularly
compared to reasoning-intensive models. Since
the subsequent random walk process is computa-
tionally negligible on CPU, DKA introduces only
marginal overhead to the overall data preparation
pipeline. The final dataset statistics are summa-
rized in Table 12.

Domain Total Nodes Time (h) Extraction Model
Linguistics 410,533 30 Qwen2.5-7B
Legal 180,918 14 Qwen2.5-7B
MuSiQue 100,758 7 Qwen2.5-7B

Table 11: Statistics of Knowledge Graph Construction.

Domain Intra-Document QA  Inter-Document QA Total
Linguistics 100,000 44,006 144,006
Legal 60,000 23,031 83,031
MuSiQue 17,623 9,040 26,663

Table 12: Scale of the Supervised Fine-Tuning (SFT)
Datasets.

E.3 QA Token Distribution Analysis

We analyzed the token length distributions of the
synthesized QA pairs across all three domains
(Linguistics, Legal, and MuSiQue). The ques-
tion length distributions show a diverse range of
query complexities, while the answer length dis-
tributions confirm that our models are trained to
generate comprehensive, detailed responses rather
than short, extractive answers. This pattern holds
consistently across the three domains and is crucial
for training models to perform substantial reason-
ing and explanation.

E.4 Training Dynamics and Convergence
Analysis

We analyzed the training dynamics of DKA FT
and standard Mix FT. Figures 5 and 6 show the
training loss curves for the legal domain and the
MuSiQue corpus, respectively (both with Qwen?2.5-
7B). A key observation is the distinct behavior of
the DKA strategy (bottom curve). While both DKA
FT and the baseline (Mix FT) exhibit similar initial
loss reduction, DKA FT initiates a second, deeper
convergence phase during the transition from the
“local” (intra-document) stage to the “global” (inter-
document) stage. This “annealing” effect—where
the model first solidifies basic knowledge before
refining complex connections—allows DKA FT to
escape local minima and ultimately reach a lower
stable loss. This confirms that our structured, pro-
gressive curriculum facilitates more effective opti-
mization than random data mixing.

Qwen2.5-7B Training Loss Curves (Law)

—— Qwen2.5-7B + Mix FT
—— Qwen2.5-7B + DKA FT

Loss Value

[ 1000 2000 3000 4000 5000

Training Steps

Figure 5: Comparison of training loss curves based on
Qwen2.5-7B (Law). The DKA FT strategy converges
to a lower loss than Mix FT.

Qwen2.5-7B Training Loss Curves (MuSiQue)

1.6 —— Qwen2.5-7B + Mix FT
—— Qwen2.5-7B + DKAFT

Loss Value

0 500 1000 1500 2000 2500 3000
Training Steps

Figure 6: Comparison of training loss curves based
on Qwen2.5-7B (MuSiQue). The DKA FT strategy
converges to a lower loss than Mix FT.

Law Path Length Frequency Distribution by Lambda

—— lambda-=:
—— lambda-=

Number of Nodes (Path Length) Number of Nodes (Path Length)

Figure 7: The effect of different A values on link length
distribution for Linguistics (left) and Legal (right) do-
mains.

Linguistic Document Diversity by Lambda

i

" Lambda Lambda

Law Document Diversity by Lambda

(111

Document Diversity

Figure 8: The effect of different A values on document
diversity for Linguistics (left) and Legal (right) domains.

E.5 Hyperparameter Determination

The parameter A weights the random walk toward
unseen documents in our weighted random walk al-
gorithm, balancing exploration of new documents
against staying within the current context. Its value
critically influences the structural properties of gen-
erated reasoning paths, affecting both path length
distribution and document diversity.

We define Document Diversity to quantify the
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information breadth of a reasoning path:

N
1 D P,
Diversity = N ; it (U)LD:)‘ i 3

where N denotes the total reasoning paths, | P;| is
path length, and [{D(v) | v € P;}| is the count
of distinct documents in path P;. Higher diversity
indicates the chain aggregates information from
wider sources, essential for synthesizing complex,
multi-hop knowledge.

A trade-off exists: increasing A enhances diver-
sity by encouraging jumps to new documents but
can prematurely terminate paths or fragment rea-
soning chains. Conversely, a low A (e.g., A = 0)
preserves path length but often confines paths to
single documents. To determine the optimal con-
figuration, we conducted a grid search for A €
{0,1,2,3}. The results (Figure 7 and Figure 8)
reveal consistent patterns across Linguistics and
Legal domains:

* X\ = Oyields the lowest diversity, with random
walks trapped in local clusters.

* A = 1 boosts diversity (~10% improvement)
while maintaining healthy long paths (> 3
hops).

* A\ > 2 sharply declines long path frequency,
as the strong bias toward unseen documents
forces early termination once few unvisited
neighbors remain.

Consequently, we selected A = 1 as the optimal
setting, balancing rich, multi-source information
with deep, multi-step reasoning structures.

E.6 Ablation on KG Quality

To assess the robustness of DKA against poten-
tial incompleteness in the knowledge graph, we
conducted an experiment by randomly removing a
certain percentage of nodes (5%, 10%, 15%) from
the graph before synthesizing data for fine-tuning.
The results, presented in Table 13, show that per-
formance degradation is minimal across all three
domains even with incomplete graphs. For instance,
even with a 15% node removal rate, the accuracy
drop for Qwen3-8B on Linguistics is less than 1%
(from 70.87% to 70.04%), and similar resilience
is observed in the Law domain and on MuSiQue
(94.66% to 94.38%). This suggests that DKA is
robust to graph quality, likely due to the synergistic

effect of the weighted random walk and ambigu-
ous node strategies, which encourage the model
to learn generalized reasoning patterns rather than
overfitting to specific graph structures.

Domain Model Removal Rate  Acc Avg
0% 70.87

o 5% 70.76
Linguistics Qwen3-8B 10% 70.59
15% 70.04

0% 63.71

5% 63.68

Law Qwen3-8B 10% 63.56
15% 63.21

0% 67.62

5% 67.58

Law Qwen2.5-7B 10% 67.46
15% 67.10

0% 94.66

. 5% 94.62
MuSiQue  Qwen2.5-7B 10% 94.54
15% 94.38

Table 13: Robustness of DKA to Knowledge Graph
Incompleteness.

F Case Study

To demonstrate the reasoning capabilities devel-
oped through DKA, particularly the efficacy of
the “Ambiguous Node Construction” strategy (Sec-
tion 3.3.3), we present a case study from the Lin-
guistics domain. In this example, the explicit entity
“Latin” is replaced by a descriptive definition, re-
quiring the model to first identify the entity and
then synthesize the answer. The trace reveals that
the model successfully resolves the ambiguity (“an-
cient language... widespread... Roman Empire” —
Latin) within its internal reasoning process before
formulating the final relationship. This validates
that DKA trains the model to perform “reasoning-
by-navigation”—traversing from attributes to entity
identity and then to related concepts—rather than
relying on superficial pattern matching.

Case Study: User Query

What is the relationship between an ancient language
of Indo-European origin with widespread distribution
throughout the Roman Empire and modern Romance
languages?
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Case Study: Model Reasoning Process

(<think>)

Okay, let’s tackle this question. The user is asking about
the relationship between an ancient Indo-European lan-
guage that was widespread in the Roman Empire and
modern Romance languages. First, I need to recall the
key points. The ancient language in question is Latin,
which is part of the Indo-European family. Latin was the
official language of the Roman Empire and was used in
administration, law, and culture. It’s known for its ex-
tensive use in the empire, which spans a vast area. Now,
modern Romance languages like Spanish, Portuguese,
French, Italian, Romanian, and others are derived from
Latin. These languages evolved from Latin through pro-
cesses like phonological changes, syntactic simplifica-
tion, and lexical borrowing. The key point here is that
Latin is the ancestor of these Romance languages. The
question mentions the widespread distribution of the
ancient language, which aligns with Latin’s use across
the Roman Empire. The answer should connect Latin’s
role as the parent language to the Romance languages,
explaining how they developed from it. Also, I should
structure the reasoning step by step, starting with iden-
tifying the ancient language, its distribution, and then
its evolution into modern languages. Let me check if
there are any other details. I should include that to show
the historical context. The answer should clearly state
that Latin is the ancestor of the Romance languages,
explaining the process of linguistic evolution. I need to
ensure that the explanation is clear and concise, without
any markdown. Also, the final answer should be stated
explicitly, as per the instructions. Let me put this all
together now.

.

J

According to my knowledge, the ancient language in
question is Latin, which belongs to the Indo-European
language family. Latin was the dominant language of
the Roman Empire, used for administration, law, edu-
cation, and cultural expression across its vast territories.
Its widespread distribution during the Roman period
laid the foundation for the development of modern Ro-
mance languages. These languages—such as Spanish,
Portuguese, French, Italian, and Romanian—emerged
from Latin through a process of linguistic evolution,
including phonological shifts, syntactic simplification,
and lexical adaptation. Over time, regional variations of
Latin diversified into distinct languages, all of which re-
tain structural and lexical ties to their common ancestor.
The relationship is thus one of direct ancestry: Latin is
the prototypical parent language, while the Romance lan-
guages are its descendant languages, sharing a common
historical and genetic origin.

Answer: Latin is the ancestor of modern Romance lan-
guages, which evolved from it through historical linguis-
tic changes.

\

Case Study: Model Response

G Al Use

We utilized Al assistants to help polish parts of the
content in this paper, including correcting grammar
and formatting errors, as well as refining wording.
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