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Abstract

Text-attributed graphs (TAGs) underpin many
NLP applications, but real-world TAGs are of-
ten limited in scale, class balance, and diver-
sity, motivating realistic and controllable TAG
generation. Existing generators either replace
node text with precomputed embeddings, re-
ducing the task to vector-attributed graph gen-
eration, or rely on LLM prompting and agent
simulation; neither learns a joint distribution
over raw node text, edges, and labels. We
propose a controllable substructure generator
built from a lightweight causal LM. The model
generates connected TAG substructures rather
than whole graphs: each training substructure
is serialized into lossless token sequences from
multiple start nodes. Averaging next-token
loss over these traversals treats traversal order
as a latent variable and optimizes a variational
lower bound on the permutation-invariant sub-
structure marginal likelihood. Training com-
bines continual pretraining for the uncon-
ditional distribution with control-prefix fine-
tuning that conditions generation on target
structural and label descriptors. At inference,
a single autoregressive pass per prefix emits a
parseable substructure, and the same genera-
tor supports distribution-aligned synthesis and
boundary-aware augmentation through target-
side adaptation alone. Across five real-world
TAGs, it produces losslessly parseable graphs,
matches or exceeds structure-only generators
in structural fidelity, and improves cross-graph
GNN generalization. !

1 Introduction

Text-attributed graphs (TAGs), where each node
carries natural-language content linked by typed
relations, are a fundamental data form in mod-
ern NLP: citation networks underpin scholarly re-
trieval and question answering, product networks
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support e-commerce search and recommendation,
and knowledge graphs feed retrieval-augmented
generation and structured reasoning (He et al.,
2024; Liu et al., 2024; Zhao et al., 2023). Yet real-
world TAGs are often constrained in size, cover-
age, and statistical diversity — some are restricted
by license or privacy, some are severely imbal-
anced, and most are static snapshots that cannot be
adjusted to test specific hypotheses (Zhang et al.,
2025). The ability to generate realistic TAGs —
plausible new graphs sharing the joint statistical
properties of an observed graph — would unblock
a range of downstream needs that static datasets
cannot meet.

This need spans several directions in graph
data mining. GNN augmentation methods im-
prove generalization with synthetic minority-class
or structurally diverse samples (Zhou and Gong,
2023; Yu et al., 2025; Zhao et al., 2021; Rong et al.,
2020; Verma et al., 2021), yet existing techniques
are restricted to perturbing the original adjacency
or mixing existing node features, leaving the syn-
thesis of genuinely new text-and-structure samples
beyond their reach. Empirical analyses of GNNs
increasingly rely on graphs with prescribed struc-
tural properties to disentangle model behavior un-
der controlled distribution shifts (Palowitch et al.,
2022; Langendonck et al., 2026), yet fixed real-
world datasets cannot be adjusted to test hypothe-
ses about homophily (Zhu et al., 2020), density,
or label balance. Beyond these, controllable TAG
generation could support emerging needs such as
counterfactual analysis on graphs (Lucic et al.,
2022). What unifies these directions is a common
requirement: a generator producing TAGs that are
not only realistic but also controllable— whose
textual content, label distribution, and structural
statistics can be specified at generation time.

Despite mounting interest in graph genera-
tion, no existing approach meets these dual de-
mands of joint text-structure synthesis and intent-
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conditioned local control. Prior methods fall into
three categories. Structure-only generators (You
et al., 2018; Liao et al., 2019; Chen et al., 2023;
Bergmeister et al., 2024) model the adjacency dis-
tribution p(A) and ignore node content entirely,
so they cannot serve pipelines where downstream
models depend on textual semantics. Attributed-
graph generators extend to p(A, X) but oper-
ate on pre-extracted categorical or numerical node
features (Vignac et al., 2023; Jo et al., 2022; Li
et al., 2024; Yoon et al., 2023), not raw natural-
language text; their outputs are incompatible with
text-based pipelines such as BERT-encoded GNNs
or LLM agents. LLM-related approaches intro-
duce language models but each faces a distinct lim-
itation: LGGM (Wang et al., 2025) uses text only
as a coarse domain-level prompt rather than gen-
erating per-node text; GAG (Ji et al., 2025) sim-
ulates agent interactions without learning an ex-
plicit joint distribution; LLM4NG (Yu et al., 2025)
generates isolated nodes whose connections are in-
ferred post hoc. None learn the joint distribution
P(A, Xtext, Y) where Xieyt is unbounded natural-
language text correlated with both structure and
labels, and their controllability is absent or lim-
ited to coarse signals such as class label or domain
prompt. To our knowledge, no prior work gener-
ates TAGs by training a language model to model
this joint distribution, as opposed to simulating it
with agents or prompting an external model; ours
is the first to do so.

The shortcomings of prior LLM-related ap-
proaches do not stem from limitations of language
models themselves. Pretrained LLMs (OpenAl
et al., 2024; Grattafiori et al., 2024) produce co-
herent long-form text under flexible prompting,
and instruction tuning yields strong instruction-
following generalization (Wei et al., 2022). Amid
growing interest in graph foundation models (Mao
et al., 2024), GraphGPT (Zhao et al., 2025) made
a key advance: by serializing a graph along an
Eulerian path into a lossless token sequence, it
showed that a causal LLM can be brought to bear
on structured graph data at all, offering a first
general bridge across the mismatch between se-
quential causal attention and combinatorial graph
structure — validated, however, only on discrimi-
native tasks such as node and graph classification.
The barrier to generation, then, is not capability
but interface, and it takes two forms. Context
length: serializing a graph of ten thousand nodes
with rich textual attributes easily yields sequences

of millions of tokens, exceeding the context win-
dow of frontier LLMs; we address this practical
constraint by modeling substructures rather than
whole graphs. Permutation invariance: a graph
is invariant under node permutation (Niu et al.,
2020), while an LLM generates tokens under a
fixed left-to-right order, so any serialization must
commit to one of n! orderings, and a model trained
naively on one ordering captures only that one —a
mismatch with no direct analogue in standard text
generation.

We address both by shifting the modeling target
from full graphs to substructures: each is serial-
ized as an edge-traversal sequence that fits within
context, and exposing the model to multiple traver-
sals from different starting nodes optimizes a vari-
ational lower bound on log p(Ggyp). Continual
pretraining on these traversals followed by fine-
tuning with control prefixes yields single-pass
controllable substructure generation: an intent
expressed through trained descriptors produces a
parseable substructure —text, labels, and local
structure —in a single pass. We instantiate this ca-
pability in two applications from the same trained
model: distribution-aligned generation, which as-
sembles substructures into a macro-graph match-
ing a reference’s statistics, and augmentation-
oriented generation (TAG-AUG), which condi-
tions on decision-boundary-aware profiles to im-
prove GNN generalization under disjoint splits.
As a first attempt in this regime, our goal is to es-
tablish feasibility and competitive performance for
the proposed modeling paradigm.

Our contributions are:

* We present, to our knowledge, the first ap-
proach to generate text-attributed graphs by
training a language model, formalizing TAG
generation as joint modeling of raw text, struc-
ture, and labels.

* We propose a controllable substructure gen-
eration framework that responds to genera-
tion intents by producing corresponding text-
attributed graph substructures. The framework
sidesteps the context-length barrier via sub-
structure decomposition and addresses permu-
tation invariance through multi-traversal train-
ing with a variational lower bound.

* We instantiate two downstream applications —
distribution-aligned generation and boundary-
aware augmentation — from one trained model,
evidencing that the same intent-responsive sub-
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structure generator can be used across heteroge-
neous objectives.

* We conduct a comprehensive empirical study
on five real-world TAGs across citation, web,
and e-commerce domains, evaluating structural
fidelity and GNN generalization under a dis-
joint train/test regime.

2 Related Work

Graph generation. Graph generation has pro-
gressed from autoregressive models (You et al.,
2018; Liao et al., 2019) to adjacency-denoising dif-
fusion. EDGE (Chen et al., 2023) models structure
alone. A recent line generates attributed graphs:
DiGress and GDSS (Vignac et al., 2023; Jo et al.,
2022) jointly model node attributes and structure,
while GraphMaker (Li et al., 2024) diffuses at-
tributes and edges jointly. Their attributes are cat-
egorical or numerical feature vectors, whereas our
setting includes raw natural-language text. Graph-
Maker studies whole-graph synthesis under data-
sharing or benchmarking constraints (Li et al.,
2024); our framework uses the generated TAGs
for distribution-aligned synthesis and targeted aug-
mentation.

LLMs on graphs. LLMs have been widely
adapted to graph discriminative tasks—text-
feature enhancement (He et al., 2024; Zhao et al.,
2023; Chen et al., 2024b), unified task formula-
tion (Liu et al., 2024), structure-aware sequence
encoding (Chen et al., 2024a), Eulerian-path se-
rialization for classification (Zhao et al., 2025),
and graph instruction tuning (Tang et al., 2024) —
but structured graph generation with LLMs re-
mains largely unaddressed, and is mostly explored
via prompting rather than training (Yao et al,
2024): GAG (Ji et al., 2025) simulates social-
graph growth via multi-agent interaction with-
out learning an explicit joint distribution, and
LGGM (Wang et al., 2025) treats text only as
a coarse prompt. We borrow from GraphGPT
a single ingredient—that an Eulerian traversal
losslessly serializes a graph —but otherwise dif-
fer entirely: where they perform discriminative in-
ference, we perform generative modeling of the
joint text—structure distribution, via a multi-start
variational objective, control-prefix conditioning,
and two-stage training. To our knowledge this is
the first framework for controllable text-attributed
graph generation with LLMs.

Graph data augmentation. Augmentation
methods improve GNN generalization (Ding
et al., 2022; Zhao et al., 2022) by editing the
adjacency (Rong et al., 2020; Zhao et al., 2021),
interpolating node features (Verma et al., 2021),
or oversampling rare classes (Li et al., 2023; Zhou
and Gong, 2023); LLM4NG (Yu et al., 2025)
adds isolated nodes with edges predicted post
hoc. All perturb or interpolate existing content,
or add nodes without coherent local structure.
In contrast, our augmentation injects newly
synthesized substructures carrying coherent local
topology and jointly generated text, conditioned
on boundary-aware targets and anchored to the
real graph—supplying new structural signal
rather than reweighting the existing one.

3 Method

We aim to learn a generator for text-attributed
graphs (TAGs) conditioned at inference time on
user-specified targets. The core contribution is
a controllable substructure generator (CSG)—
a language model trained to produce local sub-
graphs (text, labels, and edges jointly) that respond
to structural and label intent expressed through
trained descriptors in a single autoregressive pass.
We formalize the problem and serialization (§3.1-
§3.2), show that autoregressive training over Eu-
lerian serializations is variational learning of the
substructure distribution (§3.3), describe the two-
stage training (§3.4) and resulting single-pass con-
trollability (§3.5), and derive two application in-
stantiations (§3.6).

3.1 Problem Formulation

Definition 1 (Text-Attributed Graph). A text-
attributed graph is a tuple G = (V, E, X, Y') with
node set V, edge set £ C V x V, textual at-
tributes Xy = {x,},ey where each z, € V* is
a token sequence over a vocabulary V, and labels
Y = {yv}vev withy, € V.

Given a reference TAG GG and a conditioning
signal c encoding user-specified targets, we learn
a generator py(A, Xt,Y | ¢) that jointly synthe-
sizes adjacency, text, and labels consistent with
c. The central difficulty is structural: an autore-
gressive model factorizes a token sequence W =
(wi,...,wr) as po(W) = [[, po(w; | wes) over
a total order, whereas a graph is invariant to node
permutation. Reconciling this mismatch is the fo-
cus of the method.
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Figure 1: Overview of the method. (®) A lightweight LLM is continually pretrained and supervised-fine-tuned on
multi-start Eulerian serializations of sampled substructures, yielding a controllable substructure generator (CSG).
(®) Training proceeds in two stages: autoregressive continual pretraining over the IV start-node serializations of
each substructure, which maximizes a variational lower bound on log p(G;) (Theorem 1), followed by control-
prefix supervised fine-tuning. (®) At inference, the same generator instantiates two applications by varying only
the conditioning targets — distribution-aligned generation and boundary-aware augmentation — with no retraining.

3.2 Substructure-Level Modeling

From full graphs to substructures. Even a
moderately sized TAG serializes into a sequence
far exceeding a practical context window, so we
reduce the modeling target to substructures: con-
nected subgraphs G5 C G sampled from the refer-
ence graph. This scale also makes the variational
treatment in §3.3 tractable, permitting a complete
enumeration of per-node serializations. We study
this design with a lightweight LLM, using com-
pact graph statistical descriptors as the condition-
ing signal and evaluating both descriptor response
and strict syntactic validity.

Definition 2 (Lossless Serialization). A serializa-
tion scheme is a pair of maps f : (G5, 7) — W and
f~1: W — G, indexed by a serialization choice 7,
such that f~Y(f(Gs, 7)) = G, for every admissi-
ble 7. The scheme is lossless when f is a bijection
between admissible choices and token sequences,
written G, = W.

Property 1 (Eulerian Circuit). A connected graph
admits an Eulerian circuit — a closed walk travers-
ing every edge exactly once —iff every node has
even degree. For a graph violating this condition,
Eulerization adds a minimal multiset of duplicate
edges to yield GE with all even degrees, guaran-
teeing Eulerian circuits exist.

We serialize a substructure by traversing an Eu-
lerian circuit of GE: a choice 7 fixes a traver-
sal, read off as a token sequence W = f(Gs, 7).
As detailed in §3.4, the duplicate edges added by
Eulerization are tagged for removal at decoding,
keeping f a lossless bijection G5 = W. This
abstract serialization — one circuit per sequence —
is all the following analysis requires. Figure 2 il-
lustrates the interface on a small substructure.

3.3 Autoregressive Training as Variational
Learning

A substructure G5 on N nodes is permutation-
invariant, so its likelihood marginalizes over the
permutation set A, p(Gs) = > 4 p(Gs, 7) with
|A| = N!. This sum is intractable, and a model
trained on a single ordering captures only one of
its N! terms. Following the ordered-set variational
principle of Liao et al. (2019) and related treat-
ments of node ordering as a latent variable (Chen
et al., 2021), we optimize a lower bound over a
tractable subset of serializations. The enabler is
that the Eulerian serialization f of §3.2 is a loss-
less bijection G = W: each choice m maps to a
sequence whose model likelihood py(W;) equals
the joint p(Gs, ), so a sum over serializations is a
sum of autoregressive likelihoods.

Theorem 1 (Multi-start training is variational

22914



Substructure Eulerian circuit
Gs on GF

Eulerize e
@ ‘ odd degrees ‘

<e_jump>

l read as tokens

Causal document W, = f(Gs, )

<path_start>} {<n,attr,start>} [{text}} [<n_attr_end>}

<e_real>} <n1> {<n_attr_start>} [{text}} {<n_attr_end>}

<e real>} <n2> || <n_attr_start> [{text}H<n_attr_end>}

{
[
[
[

<e rea1>} <n3> {<n_attr_start> [{text}H<n_attr_end>}

1 <e Jump> | <e_r‘eal>} [<path_end>}

Figure 2: Lossless Eulerian serialization used by the
LLM. A connected substructure is Eulerized only to
obtain a circuit; duplicate traversal steps are marked as
<e_jump> and removed at decoding, while real transi-
tions and first-occurrence attributes recover the original
text-attributed subgraph.

learning). Let 7 = {m,..., 7N} be the N Eu-
lerian circuits of Gs, one per start node, with
the model trained under the uniform weighting
Gr, = 1/N. Then

Z log pg(W.

Since log N is independent of 0, minimizing the
next-token cross-entropy averaged over the N Eu-
lerian serializations of G4 exactly maximizes a
variational lower bound on log p(Gy).

log p(G ) +log N. (1)

The bound follows by introducing a vari-
ational distribution ¢ over 7 and applying
Jensen’s inequality to log ) _p(Gs,7); the op-
timal ¢* o p(Gs,m) recovers the log-partition
bound log > . p(Gs, ), and the uniform g used
in training yields Equation (1). The intractable
O(N!) marginalization is thus replaced by an
O(N) variational set— affordable because we
model substructures. In practice, CPT uses uni-
form g over these circuits; the monotonicity result
for adding circuits concerns the tightest attainable
bound obtained by optimizing ¢ on each serializa-
tion set. Full derivation and the monotonicity re-
sult are in Appendix A.

£3]

Remark 1. Each start-node circuit is one “view
of the same substructure; training on a single view
rewards an arbitrary traversal order, whereas av-
eraging over the N views rewards order-agnostic

structure. The bound thus formalizes a simple in-
tuition — more views give the model a less order-
biased target— and turns the choice of “how many
traversals to enumerate” into a principled knob
rather than a heuristic. We next turn this recipe
into a concrete two-stage training procedure.

3.4 Two-Stage LLM Training

Theorem 1 gives a direct recipe: feed the model
the NV Eulerian serializations of each substructure
under uniform weighting. We realize this in two
stages — continual pretraining (CPT) for the un-
conditional distribution and supervised fine-tuning
(SFT) for the conditional one — sharing one serial-

ization backbone. The document templates are:

Training document templates.

CPT <path_start><n@><n_attr_start>Academic paper with
title and abstract: Coevolving High Level Representations
<n_attr_end><e_real><n1> ... <e_jump><n@><path_end>

SFT <ctrl_start>avg_deg:2.38|cc:0.17]
homophily:0.12|dom:Rule Learning:@.38<ctrl_end>

<path_start><n15><n_attr_start>{"label"”:"Probabilistic
Methods"”, "text":"Academic paper ... revise probabilistic
rule bases”}<n_attr_end><e_real><n3> ... <path_end>

Continual pretraining. CPT targets p(G), the
quantity lower-bounded in Theorem 1. We sam-
ple substructures via random walks, Eulerize each,
and emit all N start-node circuits, realizing the
uniform-q regime with the full set 7. We enumer-
ate every start node precisely because the bound
tightens as 7 grows, so next-token training on
this corpus directly maximizes the corresponding
uniform-¢g variational lower bound. Each CPT
document uses three token roles: node tokens
identify distinct nodes, first-occurrence attribute
blocks write each node’s text once, and edge to-
kens mark real versus Eulerization edges. Decod-
ing drops <e_jump> transitions and reads content
from the first attribute block for each node, recov-
ering G4 exactly (Definition 2); no labels are used
at this stage.

Supervised fine-tuning. SFT reuses the same
backbone and makes two minimal edits to move
from p(Gj) to the conditional p(Gs,Y | ¢). As
shown in the template, each attribute block is up-
graded from text to {label, text}, and each se-
quence receives a masked control prefix contain-
ing average degree, clustering coefficient, label
homophily, and dominant-label proportion. The
model thus first learns the unconditional graph
grammar, then learns to steer it from a compact
prefix, with no change to the traversal format.
Two adjustments keep the corpus balanced and
bounded: stratified start-node sampling with bin-
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ning over (degree, homophily, dominant label) and
rare-label targeted walks; and a bounded number
of circuits per substructure rather than all N starts.
Full corpus statistics are in Appendix F.

3.5 Single-Pass Controllable Substructure
Generation

After CPT and SFT, the LLM generates a com-
plete substructure —nodes, text, labels, internal
edges — from an intent-conditioned control prefix
within the trained descriptor space in a single pass.
We call this single-pass controllable substruc-
ture generation: single-pass because the model
realizes a control target in one autoregressive pass
with no per-target optimization, retraining, or iter-
ative refinement, and controllable because gener-
ated statistics respond to the requested descriptors
(§4). The prefix may moreover specify descriptor
values not seen verbatim in training, so a trained
generator can respond to new intents within the
trained descriptor space without further adapta-
tion. During long-sequence decoding the model
may violate the first-occurrence invariant by re-
emitting an attribute block for a declared node; we
enforce the invariant with a logits processor that
masks <n_attr_start> when the node is already
defined and forces it when new, needing no retrain-
ing (Willard and Louf, 2023).

3.6 Application Instantiations

The CSG operates locally, generating one sub-
structure at a time in response to an expressed in-
tent. To examine its value in downstream tasks,
we instantiate two applications that derive task-
specific conditioning targets and use the generated
substructures in task-specific ways. Each dataset
has its own CPT+SFT generator, and both ap-
plications reuse the corresponding generator M
while differing in target derivation and integration.
Full algorithms and hyperparameters are in Appen-
dices H and L.

Distribution-aligned generation. To match a
reference G*, we measure its average degree, clus-
tering coefficient, homophily, and label distribu-
tion, and query the generator until a node bud-
get is reached. As each substructure is generated
independently, two mechanisms enforce global
alignment: a proportional—integral controller ad-
justs each prefix’s targets from the running dis-
crepancy so aggregate degree, clustering, and ho-
mophily converge to G*, and a deficit-based la-

bel quota picks the most under-supplied class as
each dominant label. Since the independent sub-
structures share no edges, a VGAE (Kipf and
Welling, 2016) pretrained on G* predicts the miss-
ing inter-substructure edges from text-conditioned
latent embeddings, up to the target degree budget.
Thus, the language model supplies packet content
and internal topology, while the assembly compo-
nent supplies global inter-packet connectivity.

Augmentation-oriented  generation (TAG-
AUG). To augment a training graph Gy, we
replace aggregate targets with boundary-aware
per-class profiles: an oracle GCN (Kipf and
Welling, 2017) identifies the correctly-classified,
smallest-margin nodes per class as boundary
anchors, and their one-hop ego statistics form
a target profile, with inverse-frequency quotas
favoring minority classes. Querying M yields
candidate packets, of which we keep those
that parse losslessly and pass basic validity
checks. Each accepted packet is attached by
linking its dominant target-label node to the
semantically nearest real boundary anchors under
text-embedding similarity, injecting new structure
near the decision boundary.

Both instantiations consume the same M and
require only target-side adaptation, isolating
substructure-level controllability as a reusable ca-
pability: a new application is added by specify-
ing target derivation and task-specific integration,
with no retraining.

4 Experiments

We evaluate the framework along its intended
use: first the substructure generator’s controlla-
bility on held-out targets (§4.2), then distribution-
aligned generation by structural fidelity (§4.3) and
augmentation-oriented generation by GNN gener-
alization (§4.4), and finally the two-stage train-
ing ablation (§4.5). We ask whether one control-
lable text—structure generator can remain competi-
tive with methods specialized to a single task.

4.1 Experimental Setup

Datasets and split. We use five TAGLAS (Feng
et al., 2024) graphs spanning citation, web, and
e-commerce domains: Cora, CiteSeer, PubMed,
WikiCS, and a curated ogbn-Products subset (Hu
et al., 2020) (Appendix F). Since a TAG is
one large graph and both tasks need train/test
graphs, we use a community-aware stratified split:

22916



Dataset Split Nodes Edges Classes
Cora Train 1,766 2,258 7
Test 942 596 7

CiteSeer  Train  2:09 1,793 6
OO Test 1,090 503 6
Train 12,999 18,641 3

PubMed . 6718 5431 3
Products Train 35,459 30,853 24
ToqUelS  mest 18,357 8,496 24
. Train 7,698 94,180 10
WIKICS it 4003 24743 10

Table 1: Per-split statistics under the community-aware
stratified split; train and test graphs are node- and edge-
disjoint.

METIS-style communities (Karypis and Kumar,
1998) are split within each (label, community)
block 0.66/0.34, yielding node- and edge-disjoint
train/test graphs that preserve major communities
and label proportions. This is harder than transduc-
tive evaluation — generation cannot rely on memo-
rized training edges, and augmentation must trans-
fer to a shifted test graph —but is not proposed
as a benchmark. Per-split statistics are in Table 1;
details are in Appendix C.

Protocol and baselines. All generators produce
original-size graphs below 4,000 nodes and are
capped at 4,000 otherwise. Structural fidelity
uses Gaussian-EMD MMD over degree, cluster-
ing, 4-orbit, and spectral statistics of sampled
200-node subgraphs, following You et al. (2018)
(Appendix C). We compare against autoregressive
GraphRNN (You et al., 2018) and GRAN (Liao
et al., 2019), diffusion DiGress (Vignac et al.,
2023) and GraphMaker (Li et al., 2024), and
the LLM-based GAG (Ji et al., 2025) (compara-
ble only on the datasets in its paper); for aug-
mentation, against DropEdge (Rong et al., 2020),
GAug (Zhao et al., 2021), GraphSHA (Li et al.,
2023), and LLM4NG (Yu et al., 2025). For
each dataset, we train a separate generator; in the
distribution-aligned application, VGAE supplies
inter-substructure connectivity after the LM gener-
ates the packets. Backbone: Qwen2.5-3B (Qwen
et al., 2025); details are in Appendix G. Tensor-
Board reports approximately 2.2—4.3 h for CPT
and 1.2-2.4 h for SFT per dataset on two RTX
A6000 GPUs.

4.2 Controllability on Held-Out Targets

We first test the generator directly: prompted with
a control prefix it never saw verbatim, does it
emit a valid, parseable TAG that responds to the
requested targets? For each dataset we sweep

the three structural descriptors over the 20,/50,/80
percentiles of the SFT control distribution, de-
coding the raw CPT+SFT model with no down-
stream correction (Appendix B). Across the raw
generations, 83.3% parse under strict rules and
95.3% of those round-trip losslessly, so once a
graph parses, its structure and attributes are almost
always recovered—evidence that the paradigm
aligns causal generation with graph structure at
low hallucination. Figure 3 summarizes raw va-
lidity and grid-level control response; full Pear-
son/Spearman/MAE values are in Appendix B,
since each dataset uses a separately tuned gener-
ator with incomparable descriptor ranges.

Analysis. The generator provides coarse local
control over trained descriptors. Clustering is
the most consistently steerable descriptor (Pearson
0.98 on Products, 0.84 on WikiCS); homophily is
strong on WikiCS (0.89) but unstable on several
citation and product graphs; average degree shows
the right direction but misses extreme regimes —
on WikiCS, requested degrees of 16-21 yield
substructures of degree 4—6, inflating MAE. The
downstream pipeline consequently uses feedback
control and VGAE assembly (§3.6) for graph-level
targets.

4.3 Structural Fidelity

We assemble controlled substructures into a
macro-graph matching a reference and measure
MMD against both train and test graphs (Ap-
pendix C, Table 5). Despite jointly generating
node text, our generator is consistently strong on
global structure, best on degree MMD on most
splits and on spectral MMD on several. On lo-
cal motif statistics the structure-only baselines
are sometimes ahead — GRAN on the sparse cita-
tion graphs, density-matched diffusion on the tree-
like Products subgraph —as expected, since they
optimize structure alone while ours also spends
capacity on text. Among LLM-based methods,
GAG (comparable only on Cora and CiteSeer) is
markedly weaker throughout. The dense WikiCS
shows the resulting flexibility: ours handles it com-
fortably, best on three of four metrics per split,
where diffusion degrades sharply. Finally, since
train and test are disjoint, the right-hand block con-
firms the generator stays best or near-best on de-
gree and spectral MMD on the held-out test graph
for most datasets, capturing transferable regulari-
ties across the two splits.
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Figure 3: Controllability on held-out targets of the raw CPT+SFT generator. Left: raw-generation validity:
strict parse rate (Parse), lossless round-trip rate (Lossless), and conditional lossless rate among parseable samples
(Cond.). Right: Pearson correlation between requested and realized descriptor values over the three percentile
grid levels, computed on parseable samples. Strict validity criteria and complete Pearson/Spearman/MAE values

are reported in Appendix B.

Packet and assembly comparison. To separate
local packet modeling from the subsequent assem-
bly stage, we also compare size-matched BFS-
induced samples from packets alone and from the
assembled graphs against the same real samples.
Here, a packet denotes the local substructure emit-
ted by one LM inference. The five-dataset results
are reported in Appendix C.4, Table 7. Packet-
only samples already provide comparable local
statistics, while assembly improves 33 of 40 re-
ported cells (20/20 on train and 13/20 on test).
These results indicate that the LM-generated pack-
ets capture local structural statistics, while assem-
bly generally improves agreement with the refer-
ence at the assembled-graph scale.

4.4 GNN Generalization

Switching the conditioning targets to boundary-
aware profiles turns the same generator into a
graph augmenter. We train a two-layer GCN (Kipf
and Welling, 2017) on an augmented training
graph that contains the real training nodes to-
gether with generated substructure nodes and their
edges. Model selection uses the real validation
split, and the selected model is evaluated on the
node- and edge-disjoint real test graph. We re-
peat the comparison with five random seeds and
report changes in accuracy and macro-F1 rela-
tive to the same-seed un-augmented graph (Ap-
pendix D, Table 8). Figure 4 shows the macro-F1
means. The strict node- and edge-disjoint proto-
col makes transfer difficult, and the resulting gains
are modest and dataset-dependent: our method im-
proves mean Macro-F1 on four of five datasets,
with gains of +2.93, +0.57, +4.14, and +1.34

© DropEdge < GAug Y Our method
[0 GraphSHA A LLM4NG
Cora A =] A © *
CiteSeer A & =
[
PubMed - i
Products { & DA *
- @
WikiCS 1 3¢ 4 %

T T T T T T T
-15.0 -12.5 -10.0 -7.5 =50 =25 0.0 25
AMacro-F1 (percentage points)

Figure 4: Mean Macro-F1 change over five seeds under
the train-augmented / test-on-held-out protocol. Values
are percentage- point changes relative to training on the
un-augmented graph; the vertical line marks no change.
Full accuracy and Macro-F1 mean =+ standard devia-
tion results are in Appendix D.

percentage points on Cora, PubMed, Products, and
WikiCS, respectively; CiteSeer shows a slight de-
crease (—0.27 points).

4.5 Ablation: The Role of Continual
Pretraining

Finally we ask whether the two-stage design is
necessary, comparing the full model against a
w/o CPT variant that fine-tunes the base LLM di-
rectly on the SFT corpus (Appendix E). SFT alone
is already capable, competitive on several MMD
columns and occasionally winning, especially on
some motif columns. What CPT adds is stability
and generalization: across most degree and clus-
tering columns, and many 4-orbit columns, the full
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Dataset w/o CPT Single Multi
Cora 0584 .0608 .0390
CiteSeer 0339 .0360 .0251
PubMed 2570 3876 .1629
Products 0624 0693 .0519
WikiCS 1763 1730 1390

Table 2: Final SFT held-out next-token loss for the CPT
comparison. Lower is better; the best value per row is
in bold.

Target CPT source SFT-only Cross Native SFT-only Cross
Cora CiteSeer .0584 .0556 .0390 72.2/69.4 88.9/88.9
CiteSeer Cora .0339 .0308 .0251 80.6/75.0 91.7/75.0

Table 3: Bidirectional cross-dataset CPT transfer. Loss
is held-out SFT next-token loss; the last two columns
report parse/lossless rates (%).

model is better; on dense WikiCS it improves de-
gree and spectral MMD while the ablation mainly
matches local motifs. CPT therefore supports sta-
bility of the learned structural distribution across
statistics and harder graphs.

Multi-start analysis. To isolate traversal diver-
sity from the general effect of CPT, we match the
multi-start corpus size with a single repeated se-
rialization per substructure. All three conditions
then use the same target SFT corpus and held-out
split. Multi-start gives the lowest final SFT held-
out loss on all five datasets (Table 2), directly sup-
porting the benefit of exposing the model to multi-
ple autoregressive views of each substructure and
the corresponding variational interpretation. The
corresponding aggregate parse/lossless rates over
180 held-out attempts are 83.3/79.4% for multi-
start and 80.6/74.4% for single-start.

Cross-dataset CPT transfer. We further test
whether CPT learned on one citation TAG trans-
fers to another. The bidirectional Cora—CiteSeer
transfer results are shown in Table 3; cross-dataset
CPT improves the held-out SFT loss over SFT-
only in both directions, while target- native CPT
remains strongest.

5 Conclusion

We presented a controllable framework for gen-
erating text-attributed graphs by training a lan-
guage model rather than simulating generation
with agents or prompting an external one. By
modeling substructures with lossless Eulerian se-
rializations and multiple start-node traversals, au-
toregressive training optimizes a variational lower
bound on the permutation-invariant substructure
distribution. A two-stage CPT+SFT recipe then

yields a controllable substructure generator that
follows unseen prefixes in a single pass and
supports both distribution-aligned generation and
boundary-aware augmentation through target-side
adaptation.

Across five real-world TAGs, a lightweight 3B
generator emits valid, losslessly parseable graphs,
matches or surpasses specialized structure-only
methods on global structural fidelity, and im-
proves GNN generalization in a disjoint train/test
regime where perturbation-based augmenters of-
ten degrade. The next step is finer control: mov-
ing beyond aggregate descriptors toward richer
structured and domain-specific targets, includ-
ing knowledge and retrieval graphs for retrieval-
augmented generation (Lewis et al., 2020b) and
large-scale recommender graphs.

Limitations

Coarse, aggregate-level control. Our control
interface conditions on a small set of aggregate
graph descriptors (average degree, clustering, ho-
mophily, and dominant-label proportion). As the
held-out controllability analysis shows, the gen-
erator tracks these targets as a coarse local con-
troller rather than an exact regressor, and some de-
scriptors are followed more reliably than others.
Finer-grained or instance-level control — for ex-
ample specifying motif counts, degree sequences,
or per-node constraints — is beyond the current in-
terface and is a natural direction for future work.

Scope of graph types. Our study targets static,
undirected, node-attributed graphs with text on
nodes, evaluated on five citation, web, and e-
commerce datasets. We do not address dynamic
or temporal graphs, edge-level text or typed multi-
relational edges, or heterogeneous-node graphs,
and we do not claim that the observed behav-
ior transfers unchanged to domains with very dif-
ferent topology, such as molecular or knowledge
graphs. Extending the serialization and control in-
terface to these settings is left to future work.

Reliance on a separately tuned generator per
dataset. To accommodate the differing descrip-
tor ranges and text characteristics of each dataset,
we train a separate generator per corpus, and the
control-adherence correlations are reported within
each dataset rather than across a single unified
model. A single generator that transfers across
heterogeneous TAGs without per-dataset tuning
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would broaden applicability and is an interesting
avenue for further study.
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A Proof of Theorem 1

This appendix gives the full derivation behind The-
orem 1. We restate the setting, prove the marginal-
ization identity used in the main text, derive the
evidence lower bound and its optimal variational
distribution in full, specialize it to the uniform dis-
tribution that our continual-pretraining objective
implements, and finally state a monotonicity prop-
erty that motivates enumerating all N start-node
circuits.

Throughout, (G; is a connected substructure
with N = |V (G5)| nodes; A is the set of node per-
mutations with | A| = Nl;and f : (Gs, 7)) — Wy
is the Eulerian serialization map of §3.2, which is
a lossless bijection on its admissible domain (Def-
inition 2, Property 1).

A.1 Serialization Decomposition

Proposition 1 (Marginalization over serializa-
tions). Let the serialization choice m be a latent
variable with prior p(m) supported on a serializa-
tion set 3(Gs) C A. If f is lossless on X(Gs),
then

p(Gs) =D p(m)pe(Wr). 2

WEZ(GS)

Proof. The generative process draws a serializa-
tion choice m ~ p(m) and then emits a token se-
quence W ~ py(-). Because f is a bijection be-
tween X(G) and the corresponding set of valid se-
quences, the event “the emitted sequence decodes
to G5” is the disjoint union

|| (w=w.}

TI'EE(GS)

Each admissible 7 yields exactly one sequence
W, and distinct choices yield distinct sequences
by injectivity, while every valid sequence decodes
back to G5 by surjectivity onto the fibre of Gj.
Summing the joint probability over this disjoint
union gives

p(Gs) = Y p(m)pe(W = Wy | )

WEE(GS)

= Y p(m)pe(Wn), 3)

WEE(GS)
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where pg(Wr | ) = po(W;) since Wy is deter-
ministic given 7. O

The full permutation marginal is the special
case £(Gs) = A with the uniform prior p(7) =
1/NY, absorbed into the joint p(G, 7).

A.2 Evidence Lower Bound

Fix any non-empty serialization set 7 C A and let
¢r = q(7 | Gs) be a variational distribution with
supp(q) = 7and ) | qr = 1. Starting from the
marginal and inserting ¢,

logZp §5 )

TET

= log Z qTr . €]

TET I

log p(G

The summand p(Gs, 7)/q, is averaged under the
distribution ¢, so Equation (4) is the logarithm of
an expectation. Since log is concave, Jensen’s in-
equality gives

G,
logp(G E ¢ log p(Gs,m)
TET qﬂ
= F(q). (5)

The gap is exactly the KL divergence between ¢
and the T-restricted posterior; equivalently F(q)
is the standard ELBO with the serialization choice
as the latent variable.

A.3 Optimal Variational Distribution

We maximize F(q) subject to normalization. The
Lagrangian with multiplier A is

Z qdn log

TET

(- Xe)
(6)

Differentiating with respect to a single ¢, and us-
ing

0 < p(GS,W)>
— | grlog—————= | =logp(Gs, ™
Ba. . g p( )
- IOgQﬂ' - 17
we obtain
gqi logp(Gs,m) —loggr —1— A
=0. @)

Solving for g, gives

qr = €Xp (Ing(Gs>7T) -1- )‘)

p(Gs, 77)
=T ®

Imposing ). ¢r = 1 fixes the multiplier:

61+)\ — Z p(Gs,W/)

n'er

A “

Thus the optimal variational distribution is the 7-
restricted posterior

* p(G577T)
o=y Z=) pGs). (10)
T'er
Substituting ¢ into F and expanding,
=D d;log GS’ pG..m)
TET
:Zp G877T 1 p(GS,’iT)
~ Z p(Gs, )/ Z
= Z p(Gg ™) log Z
TET
=log Z. (11)

The middle step uses p(Gs,7)/qs = Z for every
7 € 7, and the last stepuses ) p(Gs,7)/Z =
1. Hence the tightest bound attainable on 7 is

Gs) > log Zp(GS, T

TET

log p( (12)

which is the log-partition form summarized in the
main text.

A.4 Eulerian Instantiation and the Training
Objective

We instantiate 7 with the N Eulerian circuits ob-
tained by taking each node of GG as the traversal
origin,

=N < NI,

T={m1,...,7TN}, | 7]

matching the variational set used in Theorem 1.
By Property 1 the Eulerization edges are remov-

able, so f is lossless on 7 and
p<G57 7ri> = pG(Wm)a

with the standard autoregressive factorization of
the token likelihood.
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Our continual-pretraining objective weights the
N circuits uniformly, i.e., it adopts ¢, = 1/N
rather than the optimal ¢*. Substituting this choice
into Equation (5),

log p(G >Zlogp91/N)
]1[; (logpg(Wm) + logN)

N
NZlogpg We,) +log N, (13)
=1

recovering Equation (1). Because log IV does not
depend on 6, minimizing the token-level cross-
entropy averaged over the IV circuits,

N [Wx|
2 Z logp9<wt |w )>,

=1 t=1
(14)

Lcr(0

maximizes the uniform-q variational lower bound
in Equation (13). The uniform choice is a delib-
erate simplification: it avoids the computationally
complex repeated updates of the model-dependent
q*, while still optimizing a valid bound. It also
treats every start node symmetrically, which is
the behavior we want from a permutation-agnostic
model.

A.5 Monotonicity in the Serialization Set

Section 3.3 claims that the bound tightens as more
circuits are added; we make this precise. The
monotonicity is a property of the tightest attain-
able bound on a serialization set, i.e. the log-
partition form of Equation (12) obtained at the op-
timal ¢*,

B(r) £ log ) p(Gs,m) = log ) py(W,

TET TET
15)
where the second equality uses the losslessness of
f on 7 (Property 1), giving p(Gs, 7) = pg(Wr).
Proposition 2 (Monotonicity). Let 7 C 7 C A
be two non-empty serialization sets on which f is
lossless. Then

B(r) < B(r") < logp(Gs). (16)

In particular, enumerating additional start-node
circuits never loosens the attainable bound, and
the bound is sandwiched below the true log-
likelihood for every T.

Proof. Each token-sequence likelihood is non-
negative, pg(W;) > 0, so adding the terms in-
dexed by 7' \ 7 to the sum in Equation (15) can-
not decrease it: ) po(Wr) < > . po(Wr).
Monotonicity of log gives the left inequality of
Equation (16). For the right inequality, ap-
ply Proposition 1 with ¥(G;) = A and the
full permutation marginal: since 7 C A and
all terms are non-negative, > . pg(Wr) <
> reaP(Gs, ) = p(Gs), and applying log closes
the chain. O

Why enumerate all N start nodes. Proposi-
tion 2 justifies the continual-pretraining design
of §3.4: among the affordable O(N) serializa-
tion sets, the one containing all N start-node cir-
cuits is maximal, hence yields the tightest attain-
able bound B(7). Two remarks delimit the claim.
First, monotonicity is stated for the optimal-gq
bound B(7), not for the specific uniform-¢q train-
ing objective of Equation (13): the latter carries
an explicit 4+ log N entropy term whose argument
changes with ||, so it is the reachable bound,
rather than the realized value at a fixed weight-
ing, that improves monotonically. Second, the gap
log p(Gs)—B(7) vanishes only as 71 .4; modeling
substructures keeps N small enough that enumer-
ating all N start-node circuits is tractable while
still moving B(7) toward log p(G,). This is the
precise sense in which the bound “provably tight-
ens as more circuits are added.”

B Held-Out Controllability: Full Details

B.1 Protocol

This probe uses the final CPT+SFT model for
each dataset. For each dataset and each descrip-
tor in {avg_deg, cc, homophily}, we request the
20/50/80 percentiles of that descriptor under the
SFT control-prefix distribution, while fixing the
other two descriptors at their dataset medians. The
dominant label and dominant-label proportion are
also fixed to the modal dominant label and median
dominant proportion from the SFT corpus. If a
formatted prefix occurs verbatim in the SFT cor-
pus, the swept value is nudged by 0.01 when possi-
ble, so the tested control string is not a memorized
training prefix.

We run 4 stochastic generations per grid point,
giving 5 X 3 X 3 x 4 = 180 raw LLM generations.
Decoding uses the same dataset-specific maxi-
mum token budget as distribution-aligned gener-
ation, with temperature 0.9 and top-p = 0.9. This

22924



probe tests the capability of the LLM substructure
generator.

B.2 Strict Parse and Lossless Criteria

Parse rate is the fraction of raw generations that
can be converted into a graph topology under strict
grammar checks. A generation counts as parseable
only if it terminates with <path_end>, contains
valid node tokens, has at least three distinct nodes,
and has exactly one <e_real> or <e_jump> to-
ken between each consecutive pair of node tokens.
Only <e_real> tokens become graph edges; jump
tokens are used to preserve the Eulerian path gram-
mar.

Lossless rate uses all raw generations as the
denominator. A generation is lossless only if
it is parseable, every first occurrence of a node
has a valid attribute dictionary with label and
text fields, repeated nodes do not re-emit con-
flicting attributes, there is no extra junk inside
structural segments, and canonical serialize—parse
round-tripping preserves the path nodes, edge to-
kens, and attributes. Conditional lossless rate is
the same lossless count divided by the number of
parseable generations. Thus a dataset can have a
low parse rate but 100% conditional lossless rate if
all successfully parsed generations round-trip ex-
actly; CiteSeer in Table 4 is such a case. The dom-
inant failure mode in the raw probe is a malformed
edge sequence, usually a missing edge token after
a long attribute block.

Dataset Parse Lossless Cond.
Cora 97.2 94.4 97.1
CiteSeer 63.9 63.9 100.0
PubMed 94.4 83.3 88.2
Products 61.1 55.6 90.9
WikiCS 100.0 100.0  100.0
All 83.3 79.4 95.3

Table 4: Raw generation validity per dataset (%, 7).
Parse: parses into a graph under strict rules; Lossless:
parses and round-trips losslessly; Cond.: lossless rate
among parseable samples only.

B.3 Full Control-Adherence Sweep

For the summary in Figure 3, we use only
parseable samples. For each dataset, descriptor,
and requested percentile, we average the realized
descriptor over the 4 repeats. Pearson and Spear-
man correlations are then computed over the three
requested grid levels, and MAE is the mean abso-
lute difference between the requested grid value

and the corresponding mean realized value. We
use grid-level averages rather than all individual
samples so that a single high-variance decoding
repeat does not dominate the correlation. The raw
per-generation records are kept in the supplemen-
tary artifacts.

C Dataset Split and Structural Fidelity
Results

C.1 Split Rationale and Configuration

We use a community-aware stratified split because
a purely random split leaks local neighborhoods
across train and test, while a pure community split
can introduce large label shift. We first partition
the graph with METIS-style sparse partitioning,
then split each (label, community) block into train
and test nodes using a 0.66/0.34 ratio. The re-
sulting train and test graphs are induced subgraphs
over disjoint node sets. The split seed is 42. The
number of communities is 5 for Cora, Products,
and WikiCS; 3 for CiteSeer; and 10 for PubMed.
For GNN training on the real train graph, a strati-
fied 20% validation split is carved from the train-
ing nodes.

C.2 Per-Class Label Distribution

The split is stratified inside each label, so ev-
ery class present in the processed graph is repre-
sented in both train and test whenever the class
has enough nodes. This matters for both tasks: the
distribution-aligned generator receives label quo-
tas from the reference split, and the augmentation
evaluation must test on labels that were visible dur-
ing training without reusing their nodes or edges.
We therefore report node and edge counts in Ta-
ble 1 and use the same split object for all MMD,
augmentation, and ablation runs.

C.3 MMD Sampling Protocol

For each generated graph and reference split we
evaluate a many-vs-many MMD. In each repeat,
we draw connected BFS-induced subgraphs of 200
nodes from both graphs, relabel them compactly,
and compute MMD with the Gaussian-EMD ker-
nel used in GraphRNN-style evaluation. Cora and
CiteSeer use 20 real and 20 generated samples per
repeat; PubMed, Products, and WikiCS use 50 real
and 20 generated samples. We average over 5 sam-
pling repeats and report the mean. The four re-
ported statistics are degree distribution, clustering
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Generated graph vs train

Generated graph vs test

Dataset Type Method Deg. Clus. Orb. Spec. | Deg. Clus. Orb. Spec.
Autore GraphRNN  0.0057 1.5064 1.0987 0.0918]0.0281 1.8072 1.6995 0.1366
2 GRAN 0.0189 0.6779 0.2383 0.0836|0.0675 1.0784 0.7898 0.1391
Cora Diffusion DiGress 0.1055 1.5352 1.0051 0.2122]0.1582 1.5525 1.7366 0.2810
* GraphMaker 0.0262 1.5078 0.7455 0.0356|0.0089 1.7159 1.6675 0.0675
LLM GAG 0.3500 0.8400 1.2100 0.4100| — - - -
Ours 0.0055 0.2030 0.9481 0.0603|0.0540 0.8686 1.3219 0.1468
Autore GraphRNN  0.0306 1.0337 0.9275 0.06120.6053 0.3204 0.7845 0.6995
g GRAN 0.0522 0.5285 0.3573 0.1618|0.5992 1.1515 1.0530 0.7218
CiteSeer Diffusion DiGress 0.2119 1.1514 1.3033 0.2256|0.7109 1.9776 2.0000 0.7491
GraphMaker 0.0292 1.3118 0.8608 0.0543|0.6123 0.0016 0.2578 0.7003
LLM GAG 0.1600 0.1900 1.0200 0.3200| - — - -
Ours 0.0395 0.4837 0.2330 0.0659|0.0320 0.4441 0.1362 0.1040
Autoreg GraphRNN  0.0686 0.9221 0.9770 0.1458|0.0766 0.9355 0.9829 0.1401
* GRAN 0.1762 0.2430 0.1016 0.0558{0.2926 0.4397 0.1410 0.1083
PubMed Diffusion DiGress 0.3068 1.1451 1.0516 0.2864|0.3400 1.3180 1.0895 0.3659
GraphMaker 0.0263 0.8747 0.7780 0.0313|0.0125 0.9592 0.7417 0.0182
LLM GAG 2 0 A v > - - n
Ours 0.0323 0.3904 0.2495 0.0485|0.0633 0.6740 0.7377 0.1098
Autoreg GraphRNN  0.1188 0.1401 0.1854 0.1590(0.7387 0.5243 0.8299 0.7220
& GRAN 0.1263 0.9246 1.0402 0.2213]0.6974 1.0705 1.0500 0.7387
Products Diffusion DiGress 0.0866 0.0798 0.0325 0.1894|0.5874 0.2347 0.3122 0.5546
GraphMaker 0.0130 0.1428 0.0503 0.0534|0.7399 0.0039 0.6393 0.7366
LLM GAG " " " - = - q -
Ours 0.0467 1.0259 1.0480 0.0596|0.0567 1.2775 0.4149 0.0739
Autore GraphRNN  0.1399 0.0889 0.0705 0.0773|0.2300 0.0968 0.0711 0.1119
2 GRAN 0.1047 0.0975 0.0704 0.0641|0.2289 0.1121 0.0711 0.1295
WikiCS  Diffusion DiGress 0.4695 1.0232 1.0204 0.1149|0.5759 1.0325 1.0211 0.1690
* GraphMaker 0.2694 0.7432 0.2025 0.22910.1963 0.8166 0.2995 0.1675
LLM GAG - 7 7 - . 7 " -
Ours 0.0774 0.0722 0.0700 0.0722|0.0615 0.0760 0.1822 0.0573

Table 5: Structural fidelity by MMD ({) against train and test splits. Best per column is in bold; “—

unavailable GAG runs.

coefficients, 4-node orbit counts, and Laplacian
spectral features.

Dataset Comm. Train/Test Real/Gen. Repeats

Cora 5 0.66/0.34 20/20 5
CiteSeer 3 0.66/0.34 20/20 5
PubMed 10 0.66/0.34 50720 5
Products 5 0.66/0.34 50/20 5
WikiCS 5 0.66/0.34 50720 5

Table 6: Split and sampled-MMD settings. “Real/Gen.”
gives the number of 200-node sampled subgraphs
drawn per repeat from the reference and generated
graph respectively.

C.4 Packet-Only and Assembled-Graph
Comparison

This same-scale comparison isolates the local
structure generated by the LM from the subse-
quent assembly stage. For every generated packet,
we draw size-matched BFS-induced subgraphs
from the real split and the assembled graph. The
same real samples are reused over five repeats.
Each MMD cell in Table 7 reports packet-only / as-
sembled; lower is better. The packet count varies
with the generated node budget and packet sizes
and is reported only to specify the evaluated sam-
ple collection.

D GNN Generalization: Full Results

All entries use the fixed train/test split and the
same five GNN training seeds.

TR

marks

E Ablation: Continual Pretraining

The w/o CPT variant starts from the same base
LLM after expanding the tokenizer with graph-
serialization tokens, then trains directly on the SFT
corpus. It does not initialize from any continual-
pretrained checkpoint. Generation, VGAE assem-
bly, split protocol, MMD evaluation, and decod-
ing budgets are otherwise kept identical to the full
CPT+SFT pipeline.

E.1 Multi-Start Controlled Comparison

We separate traversal diversity from corpus size by
retaining one fixed serialization per substructure
in the single-start condition and repeating it to the
size of its corresponding multi-start group. Single-
and multi-start CPT therefore use the same sub-
structures, line count, total token count, and opti-
mizer steps. All three conditions in Table 2 then
use the same target SFT corpus and held-out split.
The reported quantity is final SFT held-out next-
token loss on this common split. Multi-start ob-
tains the lowest loss on all five datasets. Across
the 180 held-out generation attempts, aggregate
parse/lossless rates are 80.6/74.4% for single-start
and 83.3/79.4% for multi-start.

E.2 Bidirectional Citation-Domain Transfer

Table 3 tests transfer between Cora and CiteSeer,
the two citation TAGS in our evaluation. Cross-
CPT first performs CPT on the source dataset and
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Dataset Split Packets  Degree Clustering Orbit Spectral

Cora train 122 .0390/.0199 .0998/.0753 .0307/.0183 .0450/.0345
Cora test 66 .1238/.0959 .1321/.1027 .0800/.0673 .0914/.0748
CiteSeer train 265 .0428/.0186 .0706/.0646 .0050/.0034 .0360/.0352
CiteSeer test 132 .0535/.0459 .1351/.0566 .0107/.0029 .0549/.0479
PubMed train 329 .0816/.0183 .3219/.1499 .0402/.0195 .0949/.0353
PubMed test 326 .0599/.0663 .2353/.2967 .0328/.0250 .0719/.0758
Products  train 402 .0460/.0364 .1658/.1428 .0023/.0020 .0444/.0322
Products  test 400 .0650/.0762 .2000/.2490 .0094/.0118 .0503/.0655
WikiCS  train 298 .1015/.0298 .1050/.0992 .1302/.0768 .0600/.0310
WikiCS  test 313 .1242/.0399 .1123/.0972 .1477/.0858 .0852/.0276

Table 7: Same-scale structural MMD for LM-generated packets and assembled graphs against real BFS-induced
samples. Each metric is packet-only / assembled; lower is better.

Dataset Method AAcc AMacro-F1
DropEdge  +1.72 +£0.80 +1.52+1.44
GraphSHA —3.23 £2.61 —5.17+2.86

Cora GAug +0.11 +1.00 —-0.23+1.24
LLM4NG  —1.04 £0.92 —1.28 +£1.49
Ours +1.76 £ 1.06 +2.93 +1.13
DropEdge +0.61 +0.36 —0.44 +1.08
GraphSHA  +0.33 £0.75 +1.06 + 0.98

CiteSeer GAug +0.55 +1.00 —0.66 £ 1.04
LLM4NG  40.174+0.64 —0.08 £0.67
Ours +0.17 £ 0.52 —0.27 £0.68
DropEdge +0.82 +0.57 +0.76 + 0.54
GraphSHA  —0.15+0.39 —0.124+0.39

PubMed GAug —0.18 £ 0.66 —0.14 £+ 0.60
LLM4NG  —0.11 £0.88 —0.10+£0.85
Ours 40.60 +0.45 +0.57 £ 0.41

Dataset Method AAcc AMacro-F1
DropEdge +0.25 +0.38 +40.16 = 0.64
GraphSHA —11.254+0.70 —15.96 4+ 0.52

Products GAug —0.11£0.50 —-0.22+0.75
LLM4NG +0.09 +0.44 40.66 4+ 0.42
Ours +1.20+0.44 +4.14 +£0.67
DropEdge +0.38 +0.48 —1.09 +0.97
GraphSHA  —6.30 £0.31 —9.26 £ 0.85

WikiCS  GAug —2.88£0.62 —8.23£1.02
LLM4NG —0.124+0.36 —0.09£0.75
Ours +1.06 + 0.59 +1.34 + 0.50

Table 8: GNN generalization under the train-augmented / test-on-held-out protocol (GCN). Each entry is the
mean =+ standard deviation over five seeds for the change relative to the same-seed un-augmented train graph, in
percentage points; higher is better. Best mean per dataset and metric is in bold.

Generated graph vs train

Generated graph vs test

Dataset Variant Deg. Clus.

Orb.

Spec. | Deg. Clus. Orb. Spec.

Full (CPT+SFT)
w/o CPT

0.0055
0.0062

0.2030

Cora 0.2052

0.9481
0.9532

0.0603 | 0.0540
0.0663 | 0.0573

0.8686 1.3219
0.9927 1.3225

0.1468
0.1308

Full (CPT+SFT)
w/o CPT

0.0395
0.0416

0.4837

CiteSeer 05791

0.2330
0.6180

0.0659 | 0.0320
0.0518 | 0.0411

0.4441 0.1362
0.6611 0.1111

0.1040
0.1111

0.0323
0.0413

0.3904
0.2177

Full (CPT+SFT)

PubMed w/o CPT

0.2495
0.2530

0.0485 | 0.0633
0.0580 | 0.0689

0.6740 0.7377
0.5386 1.1400

0.1098
0.1203

Full (CPT+SFT)
w/o CPT

0.0467
0.0469

1.0259

Products 13102

1.0480
1.0692

0.0596 | 0.0567
0.0545 | 0.0663

1.2775 0.4149
1.2808 0.0071

0.0739
0.0861

Full (CPT+SFT)
w/o CPT

0.0774
0.1145

0.0722

WikiCS 00727

0.0700
0.0700

0.0722 | 0.0615
0.0949 | 0.0816

0.0760 0.1822
0.0754 0.0700

0.0573
0.0634

Table 9: Effect of continual pretraining across all datasets. MMD () on both train and test splits. w/o CPT fine-
tunes the base LLM directly on the control-prefixed corpus, skipping continual pretraining; all else fixed. Best per

column in bold.

then SFT and evaluation on the target; SFT-only
omits CPT, and Native-CPT uses the target’s own
CPT checkpoint. Target SFT data and settings are
shared within each row. Cross-CPT lowers held-
out loss relative to SFT-only in both directions and
increases parse rate by 16.7 and 11.1 percentage
points, while Native-CPT remains the lowest-loss
initialization. This result indicates transfer of seri-
alization grammar and substructure priors between
related citation TAGs. A unified model across
heterogeneous TAG domains would additionally
require shared domain/style representations, com-
posable label schemas, cross-graph descriptor nor-

malization, and a balanced mixed training corpus.

F Corpus Construction Details

F.1 Substructure Sampling

For each dataset we sample local substructures
from the processed source TAG by short random
walks, then take the induced subgraph over the vis-
ited nodes. The walk-size distribution is dataset-
specific: sparse citation graphs use smaller pack-
ets, while WikiCS uses larger packets to expose
the model to its denser local neighborhoods. We
keep the sampled subgraph, not the walk trace it-
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Dataset Source and text processing ~ Comm. Packet sizes SFT balancing budget Sequence guard

Cora cora_node; head-tail text cap 5 1048 6K walks; bin cap 25; 350 drop over-length paths
128 seq./class

CiteSeer citeseer; head—tail text cap 3 8-26 6K walks; bin cap 25; 350 keep 1.2K-6.5K-token
256 seq./class paths

PubMed pubmed_node; head-tail text 10 8-20 8K walks; bin cap 40; 900 max path length 6.6K to-
cap 320 seq./class kens

Products products; remove long-text 5 10-28 20K walks; bin cap 50; 120 keep 1.2K-6.6K-token
outliers, stratified 30K sub- seq./class paths
sample, LCC, min-class filter;
text cap 160

WikiCS wikics; BART summary 5 14-52 8K walks; bin cap 30; 250 drop over-length paths

cache (1024-token input, 60—
140-token output, 2 beams);
text cap 192

seq./class

Table 10: Corpus construction and preprocessing settings. CPT uses the same packet-size distribution with 100
sampling rounds per dataset; the SFT budget controls the conditional corpus for single-pass controllable generation.

self, so repeated visits only affect which nodes en-
ter the packet; edges are always the real induced
edges before Eulerization. The exact size probabil-
ities and sampling budgets are fixed in the released
configuration.

F.2 Multi-Start Serialization and Corpus
Balancing

CPT and SFT use the same lossless path grammar
but differ in how aggressively they enumerate se-
rializations. CPT is meant to learn the uncondi-
tional graph grammar, so it enumerates the avail-
able start-node circuits of each sampled substruc-
ture whenever the sequence-length budget permits.
SFT instead uses a bounded set of start nodes
per substructure: the objective is no longer to
enlarge the variational set indefinitely, but to ex-
pose a broad and balanced set of control prefixes.
To reduce majority-label collapse, SFT uses strati-
fied start-node sampling, bins substructures by de-
gree, homophily, and dominant label, caps over-
populated bins, and adds targeted walks around
rare labels. Control fields are computed after sam-
pling, so the prefix always describes the serialized
substructure rather than a pre-specified template.

F.3 Data Preprocessing

All node texts are normalized through the same
tokenizer used for LLM training, and long texts
are shortened with a head—tail truncation rule
to preserve the beginning of the document plus
a small amount of tail context. Because Wi-
kiCS entries are long, we summarize them with
facebook/bart-large-cnn (Lewis et al., 2020a)
before corpus construction (1024-token input cap,
60-140 output tokens, 2 beams). For ogbn-
Products we remove extreme text-length out-
liers, take a stratified 30K-node subset, keep its
largest connected component, and filter very small
classes. These preprocessing steps are shared by

training, generation, VGAE assembly, and evalua-
tion.

F.4 Sequence-Length Control

Training examples that exceed the dataset-specific
maximum context are dropped rather than trun-
cated inside a serialization, because cutting a path
can destroy the parseable graph grammar. The
same principle is used at inference time: each
dataset keeps its generation-time maximum token
budget, and the held-out controllability probe re-
fuses to lower that budget. This makes invalid half-
path outputs a property of the model rather than an
artifact of an artificially short decoding cap.

G Model Input—-Output Interface

Base LM and optimization. All generators start
from Qwen2.5-3B (Qwen et al., 2025). We add the
serialization and control symbols in §3.4 as spe-
cial tokens, including path delimiters, edge mark-
ers, attribute delimiters, control delimiters, and
local node-index tokens <n@>—<n200>; the token
embeddings are resized before training. We use
full-parameter fine-tuning, not LoRA, in bfloat16
with DeepSpeed ZeRO-2. CPT runs for 5 epochs
and SFT for 3 epochs with AdamW, learning rate
21075, weight decay 0.01, warmup ratio 0.03, per-
device batch size 1, gradient accumulation 8 or 16
depending on the sequence budget, early stopping
on held-out next-token loss, and seed 42. Maxi-
mum sequence lengths are dataset-specific, rang-
ing from 5120 to 6656 tokens. Each CPT/SFT
run used two NVIDIA RTX A6000 GPUs; Tensor-
Board logs report per-dataset wall-clock training
times of about 2.2—4.3 h for CPT and 1.2-2.4 h
for SFT. All source benchmarks come from public
TAGLAS/OGB resources (MIT-licensed reposito-
ries), and Qwen2.5-3B is released under the Qwen
Research License for research use.
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The generator is always used as a causal contin-
uation model. CPT is therefore not an encoder—
decoder “input—output” task: the model is trained
to continue full Eulerian-path documents under
the standard next-token objective. SFT keeps the
same continuation format but prepends a control
header as left context. At inference time we pro-
vide the control header and <path_start>; the
continuation is then parsed into a graph object.

CPT. The sequence is an unconditional path doc-
ument from <path_start>to <path_end>. There
is no control header and no source-target split; ev-
ery token in the serialized path is a next-token tar-
get.

SFT. The same path grammar is kept, but a con-
trol header is prepended as left context. Header
tokens condition the continuation and are masked
from the loss; graph tokens remain standard next-
token targets.

Held-out controllability probe. The prompt en-
codes a generation intent through structural de-
scriptors, followed by <path_start>. We de-
code one stochastic continuation under the dataset-
specific token budget and send it directly to the
strict parser.

Applications. Distribution-aligned generation
and TAG-AUG use the same decoder; the former
uses a header whose structural-descriptor targets
are adjusted by PI from the current generation
state, while the latter uses a header constructed
from the boundary profile. Their outer loops may
retry, filter, or reject packets, but the LLM still
only produces a serialized continuation.

H Distribution-Aligned Generation: Full
Algorithm and Settings

H.1 Full Algorithm

Here d*, c*, and h* denote the target average de-
gree, clustering coefficient, and homophily mea-
sured from the reference graph G*, respectively.
The label distribution is denoted by Py.

The generation loop has two safeguards that are
easy to miss in the main text. First, failed parses
are not inserted into the graph; the loop simply
spends another attempt under the current feedback
state. Second, the assembly step only scores cross-
substructure pairs, so the LLM controls local intra-
packet structure while the VGAE supplies global
connectivity.

Algorithm 1 Distribution-Aligned TAG Genera-

tion

Require: SFT generator M, VGAE G, reference graph G*, node budget N

Ensure: Generated TAG Ggen

. Measure target (d*, ¢*, h™) and label distribution P from G*

. Initialize label quotas, generated counts, and PI integrals for degree, clus-

tering, and homophily

18«0

. while generated nodes < N do

Select the label with the largest remaining quota

Refresh running degree every step and clustering/homophily every r

accepted packets

Update PI errors and clip requested (d, ¢, h) to valid dataset-specific

ranges

Use SFT generator M to autoregressively decode one packet from the

avg_deg/cc/homophily/dom prefix

Strictly parse it; on failure, record the failure and continue

10: Add the parsed packet to S and update node, edge, and label counts

11: end while

12: Merge accepted packets into a disconnected graph G

13: Encode node texts and intra-packet edges with G

14: Optionally add VGAE edges for largest-component repair

15: Add cross-packet VGAE edges until the edge budget implied by d* is
reached

16: return the graph assembled from accepted packets and VGAE cross-
packet edges, with generated texts, labels, and edges

R A S AT

H.2

Default decoding uses temperature 0.9 and top-
p = 0.9. The PI controller uses proportional
gain 0.3, integral gain 0.1, and integral clipping
at 3.0; target ranges for degree, clustering, ho-
mophily, dominant-label proportion, token bud-
get, and optional connectivity repair are dataset-
specific. VGAE assembly uses BERT (Devlin
et al., 2019) text embeddings, a two-layer varia-
tional GCN encoder with 512 hidden dimensions
and 256 latent dimensions, dropout 0.2, Adam
learning rate 0.01, and early stopping on validation
link prediction. All values used to reproduce the
tables are specified in the configuration file rather
than repeated here.

Hyperparameters

I Boundary-Aware Augmentation: Full
Algorithm and Settings

I.1 Full Algorithm

The augmentation graph keeps edge types: real
training edges, packet internal edges, and real-to-
packet anchor edges. During GNN evaluation,
train and validation nodes come from the aug-
mented training graph, while the final test set is
always the held-out real test graph.

1.2 Hyperparameters

The oracle is a GCN with 256 hidden dimensions,
dropout 0.5, learning rate 0.005, weight decay
51074, and early stopping on the real-train vali-
dation split. The default boundary fraction is 0.25,
profile blend weight is 0.5, minimum packet size is
3, maximum unknown-label ratio is 0.2, and mini-
mum non-empty-text ratio is 0.8. Dataset-specific
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Stage Content

Requested control <ctrl_start>avg_deg:2.63|cc:0.19|homophily:@.65|dom:Rule
Learning:0.53<ctrl_end><path_start>

Model output <n15><n_attr_start>{"label”:"Theory", "text":"Academic paper
dataset decomposition approach ..."}<n_attr_end>
<e_real><n17><n_attr_start>{"label”:"Theory”, "text":"Academic
paper ... Pattern Theoretic Learning ..."3}<n_attr_end>

<e_real><n15><e_real><n17><e_real><n10>
<n_attr_start>{"label”:"Rule Learning","text":"Academic paper

rule induction and refinement ..."}<n_attr_end>
<e_real><n0><path_end>
Parse result Strict parsing yields a TAG with [V| = 12 and |E| = 15. Only <e_real>

transitions are retained as edges; node labels and texts are read from
first-occurrence attribute blocks, and later occurrences such as <n15> and
<n17> are treated as references rather than new nodes.

Response analysis ~ The substructure has avg. degree 2.50, clustering coefficient 0.00, and
homophily 0.67. Its dominant generated labels include Rule Learning nodes
(n0, n2, n3, n4, n5, n6) together with Theory nodes introduced by the model.
Representative recovered edges include (0, 5), (0,12), (2,15), (3,4), (3, 6),
(4,5), (5,6), (5,15), (6, 8), and (6, 12).

Table 11: Cora generation case under a held-out control prefix. Long paper texts are abridged; structural tokens,
parse result, and measurements follow the released raw artifact.

Dataset N Max tok. » Repair Deg. clip Clus. clip Hom. clip

Cora 900 5632 3 train/test [1.90,3.94] split-specific [0.36, 0.93]
CiteSeer 1090 5800 3 train [1.80, 3.85] [0.05,0.25] [0.25, 0.85]
PubMed 8000 6700 3 train [2.27,4.35] [0.02,0.15] [0.33,0.91]
5
3

Products 5000 4400 train [1.13, 3.15] [0.00, 0.05] [0.19, 0.76]
WikiCS 5000 4800 3 train/test [12.0, 60.0] [0.30, 0.65] [0.45,0.85]

Table 12: Key distribution-aligned generation settings.
Clips are base dataset-level ranges; some split-specific
runs narrow degree/clustering clips and enable connec-
tivity repair.

Algorithm 2 Boundary-Aware TAG Augmenta-
tion

Require: Training TAG Gy,, SFT generator M, augmentation budget B
Ensure: Augmented training graph G,

1: Train an oracle GNN and compute top-1/top-2 margins
2: for each class ¢ do

3: Select correctly classified low-margin boundary anchors "
4. Compute class and boundary-anchor ego profiles Boundary Class pom. Hom. Min target
5: Use the boundary profile, fall back to the class profile if anchors are Dataset B B frac ratio prop. band ratio
scarce, or blend when variance is high
6: Assign a class quota using inverse-frequency smoothing Cgra 250 L5 0.25 [0.03,0.35]  0.68 0.25 0.30
7: end for CiteSeer 450 0.5 0.20  [0.10,0.20] 0.74 0.32 0.20
8: for each class £ until its quota is met or attempts are exhausted do PubMed 2000 0.8 0.25 [0.25,0.42] 0.70 0.25 0.25
9: Use SFT generator M to autoregressively decode packets from the Products 1200 0.3 0.20 [0.025,0.055] 0.82 0.60 0.03
class-profile control prefix WikiCS 1200 0.9 0.25 [0.02,0.20] 0.62 0.30 0.15
10: Parse the packet and compute validity, target-label ratio, text quality, A A
and homophily Table 13: Key TAG-AUG generation settings; B counts

11: Reject packets that are too small, lack target-label nodes, contain too target-label gquota
many unknown labels or empty texts, miss the target-label ratio, or g 4 :
leave the homophily band

12: Keep accepted packets and update the class quota

13: end for

14: Choose one generated target-label anchor per packet

15: Attach it to the nearest real boundary anchor(s) in BERT embedding

space, with an optional reuse penalty

16: return the augmented training graph formed by the real training graph

plus accepted packet nodes, internal packet edges, and anchor edges

budgets, quota exponents, class-ratio caps, ho-
mophily bands, target-label ratio thresholds, and
anchor settings are set in the released configura-
tion because they depend strongly on the class im-
balance and local density of each graph.
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