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Abstract

Taxonomy Completion aims to automatically
integrate new concepts into existing hierarchies.
However, existing text-only methods suffer
from a “Sensory Gap”: they struggle to dif-
ferentiate ambiguous definitions (e.g., Latte vs.
Cappuccino) and miss visual grouping signals.
Consequently, they often misinterpret lexical
overlaps as hierarchical dependencies, leading
to erroneous structural predictions. To bridge
this, we propose VITC, a framework leverag-
ing Visual Injection for Taxonomy Completion.
By mapping synthesized images into intrinsic
pseudo-tokens, we enable the text encoder to
perform holistic structural reasoning. To ad-
dress injection challenges, we introduce Adap-
tive Residual Fusion, which decouples magni-
tude from selection to prevent visual signals
from being drowned out, and the Multimodal
Guided Adaptive Reweighting strategy, which
leverages cross-modal consensus (Mutual Res-
cue and Complementary Mining) to filter noise
and identify hard negatives. Experiments on
three datasets demonstrate that VITC achieves
state-of-the-art performance, delivering an aver-
age absolute gain of over 19% in Hit@1. Code
is available at https://github.com/nyh-a/VITC.

1 Introduction

Taxonomies organize concepts into hierarchical
hypernym-hyponym (“is-a”) structures, serving
as the structural backbone for knowledge-driven
applications, ranging from recommendation sys-
tems (Zhang et al., 2014) to enhancing Large Lan-
guage Models’ reasoning (Pan et al., 2024). How-
ever, static taxonomies lag behind emerging terms,
necessitating automatic Taxonomy Completion
(TC) to integrate new query concepts into existing
hierarchies. As illustrated in Figure 1, the goal is
to insert the query “Cappuccino” into its optimal
position: Espresso Drink (Parent) → Cappuccino
(Query) → Dry Cappuccino (Child).

♡ Equal contribution. ♢ Corresponding author.
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Figure 1: Illustration of the “Sensory Gap” in Tax-
onomy Completion using the “Cappuccino” example.
(Left) High lexical overlap between “Latte” and “Cap-
puccino” misleads text-only models into inferring a false
Parent-Child hierarchy. (Right) Visual Injection intro-
duces distinctive cues (e.g., foam) via pseudo-tokens.
(Bottom) Visual grounding resolves the ambiguity, cor-
rectly identifying them as mutually exclusive Siblings.

Existing literature typically approaches the task
from two perspectives: structural and semantic (Xu
et al., 2025b). While structural methods lever-
age topology (Liu et al., 2021; Shen et al., 2020),
state-of-the-art methods mainly rely on Language
Models (LMs) to capture fine-grained semantic nu-
ances (Niu et al., 2024; Xu et al., 2023). Since
standard taxonomic benchmarks are purely textual,
these methods are inherently text-only. This uni-
modal reliance creates a fundamental “Sensory
Gap”. First, they struggle with Descriptive Ambi-
guity. As illustrated in Figure 1, the lexical overlap
between “Latte” and “Cappuccino” often misleads
text-only models into inferring a false Parent-Child
relationship. Visual cues (e.g., texture) are essen-
tial to correct this, distinguishing them as mutually
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exclusive Siblings. Second, they miss Visual Rea-
soning Clues. Concepts like “Bagel” and “Donut”
may differ textually but share strong visual resem-
blances (e.g., shape). This serves as an explicit
signal to cluster them under the same parent, a
connection that structure-free text often overlooks.

To bridge this "Sensory Gap", we can leverage
the rich world knowledge of modern generative
models (e.g., DALL-E 3, Betker et al., 2023) to
synthesize images for concepts. However, effec-
tively integrating these signals goes beyond sim-
ple feature concatenation. TC is fundamentally a
structural matching task that evaluates the compati-
bility between a Query and a topological Position.
Traditional late-fusion architectures are ill-suited
here because they encode images and text in isola-
tion (Baldrati et al., 2022; Wen et al., 2024). This
fractures the reasoning process: the text encoder
cannot “consult” the visual appearance to verify
its semantic interpretation. To address this, we
propose VITC, which employs a Generative Vi-
sual Injection strategy. By synthesizing represen-
tative images for concepts and mapping them into
pseudo-tokens, we integrate visual features directly
into the input text sequence. This treats visual fea-
tures as intrinsic textual units, allowing the LM to
“see” while it “reads”. This enables deep Mutual
Grounding: the textual context dynamically attends
to relevant visual cues to resolve ambiguity (e.g.,
checking for foam), while visual tokens anchor
abstract definitions to concrete sensory evidence.

Despite its benefits, the injection introduces a
Density-Selectivity Dilemma. Since we map im-
ages into a compact sequence (k≈4) to fit the LM’s
context, visual signals are numerically “drowned
out” by lengthy textual definitions (N≥50) dur-
ing aggregation. Standard gating (Srivastava et al.,
2015) fails here: a high gate value is needed to
boost visibility (prevent drowning), but a low value
is required to filter out irrelevant visual cues. To
resolve this, we propose Adaptive Residual Fu-
sion, which decouples magnitude from selection. A
learnable scalar acts as a “volume knob” to boost
the visual signal’s magnitude, ensuring it survives
the textual ocean, while a separate semantic gate
acts as a “switch” to verify its relevance.

Finally, to optimize VITC for discriminative
structural matching, we employ a contrastive learn-
ing framework (Gao et al., 2021; Niu et al., 2024).
However, the integration of generated images intro-
duces a Data Quality Dilemma, acting as a double-
edged sword for contrastive training. On one hand,

hallucinations introduce noise (risking data valid-
ity); on the other, visual resemblance between
siblings offers valuable hard negatives (Robinson
et al., 2021) (improving discriminability). Stan-
dard strategies fail to distinguish these cases, treat-
ing both as simple negatives or outliers. To gov-
ern this, we propose Multimodal Guided Adap-
tive Reweighting (MGAR), which leverages cross-
modal consensus: (1) Mutual Rescue (Handling
Noise): Conventional filters (Solatorio, 2024) of-
ten discard samples based on low textual similarity
alone. MGAR acts as a “safety net”, flagging a
sample as noise only if both text and vision re-
ject it, thus preserving valid long-tail concepts that
are obscure in one modality. (2) Complementary
Mining (Handling Hard Negatives): Visual simi-
larity is symmetric and confusing for siblings. We
turn this confusion into a training signal: if either
modality flags a negative candidate as highly sim-
ilar, we treat it as a hard negative and boost its
penalty. This forces the model to learn a rigorous
decision boundary, distinguishing symmetric visual
likeness from asymmetric hierarchical entailment.
Our main contributions are summarized as follows:

• We propose VITC, a framework utilizing Vi-
sual Injection for TC. By mapping images
into pseudo-tokens, we bridge the “Sensory
Gap” and enable the text encoder to verify
semantic relations via deep visual grounding.

• We introduce Adaptive Residual Fusion, re-
solving token imbalance by decoupling mag-
nitude from selection, and MGAR, optimizing
training via cross-modal consensus (Mutual
Rescue & Complementary Mining).

• Experiments on three datasets demonstrate
state-of-the-art performance, achieving an av-
erage absolute gain of over 19% in Hit@1
compared to purely textual baselines.

2 Related Work

Taxonomy Expansion and Completion. Auto-
matic taxonomy enrichment is generally catego-
rized into expansion and completion. Taxonomy
expansion (TE) (Shen et al., 2020) anchors new
concepts into an existing hierarchy but is typically
constrained to leaf positions. To overcome this lim-
itation, taxonomy completion (TC) (Zhang et al.,
2021) allows insertions at any internal node. Sub-
sequent work has advanced TC along several di-
rections: to capture local topological context, Tax-
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oEnrich (Jiang et al., 2022) and QEN (Wang et al.,
2022) explicitly aggregate sibling information to
refine position representations; GenTaxo (Zeng
et al., 2021) and ICON (Shi et al., 2024) generate
new concepts based on existing taxonomies; shift-
ing focus to representation learning, TaxBox (Xue
et al., 2024) leverages geometric box embeddings
to model hypernymy as spatial containment, while
CoSTC (Niu et al., 2024) employs contrastive learn-
ing with hard negative mining to distinguish subtle
semantic boundaries. Building upon the exploita-
tion of pre-trained language models (PLMs) (Liu
et al., 2021; Xu et al., 2023, 2025a) to extract
hierarchical knowledge, recent approaches like
COMI (Xu et al., 2025b) scale up to leverage LLMs
to jointly model fine-grained concept semantics and
hierarchical structural dependencies. Despite these
advances, existing methods remain inherently text-
dependent, suffering from the “Sensory Gap”: they
struggle to differentiate concepts with high lexical
overlap that possess distinct visual features. In con-
trast, VITC introduces Generative Visual Injection
via pseudo-tokens, providing the encoder with ex-
plicit visual cues to resolve textual ambiguities that
prior text-only baselines miss.

Textual Inversion. Textual Inversion (TI) (Gal
et al., 2023) projects visual concepts into the
embedding space of Language Models (LMs)
as “pseudo-words”. This “Image-as-a-Word” ap-
proach preserves the LM’s inherent compositional
reasoning without requiring complex cross-modal
fusion architectures (Zhou et al., 2022; Voynov
et al., 2023). Existing methods generally fall into
two categories: optimization-based inversion (Gal
et al., 2023; Cohen et al., 2022), which requires
costly iterative updates, and the more efficient
prediction-based inversion. Recent works in the lat-
ter category, such as Pic2Word (Saito et al., 2023)
and iSEARLE (Agnolucci et al., 2025), employ
dedicated mapping networks for direct feature pro-
jection. In this paper, we leverage the prediction-
based strategy for efficient visual injection, repur-
posing visual tokens to aid discriminative structural
reasoning rather than image generation.

Generative Synthesis vs. Retrieval. An alter-
native is to retrieve web images per concept (Zhu
et al., 2023). We choose generative synthesis for
three reasons. (1) Polysemy resolution: retrieval
engines key on surface names (e.g., “Bank”) and re-
turn mixed senses, whereas generators conditioned
on the full definition produce images aligned with

the specific taxonomic sense. (2) Abstract cover-
age: retrieval fails for abstract nodes (e.g., verbs
like “Think”), while generative models yield con-
sistent visual metaphors that serve as valid discrim-
inative signals. (3) Domain consistency: retrieved
images exhibit large stylistic variance (photos, clip-
arts, diagrams), whereas synthesized images follow
a uniform style controlled by the prompt, facilitat-
ing pattern recognition for the vision encoder.

3 Methodology

3.1 Problem Formulation
A taxonomy is a directed acyclic graph T =
(N , E), where node n ∈ N represents a con-
cept and edge ⟨np, nc⟩ ∈ E denotes a hypernym-
hyponym relation. Given an existing taxonomy T 0

and a set of new query concepts C, the Taxonomy
Completion task is to insert each query q ∈ C
into T 0 by identifying its optimal insertion posi-
tion pos, defined by a candidate parent-child pair
⟨p, c⟩ where p, c ∈ N 0. We formulate this as a met-
ric learning problem: learning a scoring function
f(q, pos; Θ) to measure the semantic compatibility
between q and candidate position pos.

3.2 Framework Overview
To bridge the “Sensory Gap”, VITC employs a
Generative Visual Injection strategy. We first ad-
dress the inherent lack of visual data in standard
taxonomic benchmarks via Visual Imputation, uti-
lizing DALL-E 3 (Betker et al., 2023) to synthesize
canonical images for all nodes based on their defi-
nitions (executed as an offline pre-processing step,
see Appendix A.4 for details). As illustrated in Fig-
ure 2, VITC operates in two stages: (1) Structure-
Aware Visual Mapping (Sec. 3.3), which pre-
trains a map network to project synthesized images
into intrinsic pseudo-tokens; and (2) Deep Injec-
tion & Adaptive Fusion (Sec. 3.4), which embeds
these tokens into structural templates for discrim-
inative structural matching, optimized via the
consensus-driven MGAR strategy (Sec. 3.5).

3.3 Structure-Aware Visual Mapping
The goal of this stage is to construct a mapping
interface that translates generated visual represen-
tations into the text encoder’s input token space.

Visual Projection. Given a concept q with image
Iq, we first extract the visual embedding vq ∈ Rdv

using a frozen vision encoder Evis from a Vision-
Language Model (e.g., BLIP (Li et al., 2022)). To
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Stage 1: Structure-Aware Visual Mapping Stage 2: Visual Injection & Taxonomy Completion
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Figure 2: Overview of VITC. The framework includes Stage 1 for structure-aware visual mapping and Stage 2
for deep injection. Key components include Adaptive Residual Fusion for multimodal integration and the MGAR
Strategy for robust optimization.

bridge the modality gap, we employ a lightweight
mapping network M (a multi-layer perceptron) to
project vq into a sequence of k pseudo-tokens in
the text embedding space:

Pq = M(vq) = {p1, . . . , pk} ∈ Rk×dt (1)

Unlike optimization-based inversion that updates
embeddings per image, M is a prediction network
trained to directly generate sequence-compatible
tokens that can interact with textual prompts.

Structure-Aware Pre-training. We optimize M
by aligning the embedding of a visually-injected
input sequence (Svis) with a text-only target se-
quence (Stxt) via contrastive loss. To ensure the
tokens capture both visual richness and structural
role (enabling the “Mutual Grounding” described
in Sec. 1), we design three proxy tasks:
Task A: Richness Distillation. To compel tokens
to retain fine-grained visual details (e.g., texture,
shape), we force them to reconstruct the semantics
of the detailed image caption Lq (generated by
DALL-E 3). The target is the raw caption Stxt =
Lq, while the input is constructed with pseudo-
tokens: Svis = “A photo of <Pq>”.
Task B: Concept Alignment. To prevent semantic
drift (Baldrati et al., 2023), we anchor the tokens to
the concept’s definition and name using a template
Tquery = “Query Node: Def: <D>, Image: <X>”,
where D is the concept definition. The target Stxt

fills <X> with the concept name Nq, while the
input Svis replaces it with pseudo-tokens.

Task C: Structural Composability. To adapt vi-
sual tokens to the hierarchical topology and en-
able “Mutual Grounding”, we define a triplet tem-
plate Tpos encompassing Parent, Child, and Sibling
roles. We construct Svis by replacing the names of
all three nodes with their respective visual tokens.
This compels the pseudo-tokens to retain semantic
robustness even when embedded amidst multiple
long definitions, simulating the holistic structural
reasoning scenario:

Stxt = Tpos(Np, Nc, Ns)

Svis = Tpos([Pp], [Pc], [Ps])
(2)

where Tpos concatenates the contexts: “Parent
Node: Def: <Dp>, Image: <Xp>; Child Node:
Def: <Dc>, Image: <Xc>; Sibling Node: Def:
<Ds>, Image: <Xs>”.

Anti-Shortcut Strategy. To prevent the mapping
network from ignoring visual signals when defini-
tions D are explicit, we apply Dual-Level Dropout:
(1) discarding the entire definition field with prob-
ability ρdef ; and (2) randomly masking discrete
word tokens within D. This forces Pq to encode
essential semantics to compensate for missing text,
ensuring the model learns to “consult” the visual
tokens rather than treating them as redundant noise.

3.4 Deep Injection and Adaptive Fusion
Stage 2 executes the taxonomy completion task by
incorporating the trained mapping network into a
unified metric learning pipeline for discriminative
structural matching. We encode the query q and
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candidate position pos = ⟨p, c, s⟩ into multimodal
embeddings h(q) and h(pos), followed by a special-
ized fusion strategy to resolve density imbalance.

Deep Injection Mechanism. Unlike disjoint late-
fusion architectures (Baldrati et al., 2022), we con-
struct a unified input to enable deep cross-modal
interaction. Reusing Stage 1 templates, we encode
q via the identity template (Tquery) and pos via the
Triplet Template (Tpos). Since the pseudo-tokens
P are integrated into the sequence, they participate
in the LM’s global self-attention. This allows the
textual context to dynamically “consult” relevant
visual cues (e.g., checking for foam) to verify se-
mantic alignment before the final aggregation.

Adaptive Residual Fusion. Standard Mean Pool-
ing faces a density-selectivity dilemma. The
highly condensed visual tokens (k≈4) are numeri-
cally “drowned out” by lengthy textual definitions
(N≥50). A standard gate faces a conflict here: it
must be high to boost the visual signal’s visibility
against the text, but low to filter out noise from
low-quality generated images. To resolve this, we
decouple feature magnitude from semantic rele-
vance. Let hbase be the standard pooling of the full
sequence, and hvis be that of only the visual tokens.
We formulate the final representation hfinal as a
learnable residual increment:

hfinal = hbase︸ ︷︷ ︸
Standard View

+ g ⊙ (α · hvis)︸ ︷︷ ︸
Visual Residual

(3)

This mechanism decouples the roles via two com-
ponents: (1) Visual Boosting (α): A learnable
scalar acting as a “volume knob” that uncondition-
ally boosts the visual magnitude to a level com-
parable with textual features, ensuring the signal
is visible to the model; (2) Relevance Verifica-
tion (g): A context-aware gate acting as a “switch”
(g = σ(Wg[hbase;hvis] + bg)). This gate dynam-
ically verifies semantic relevance, filtering out vi-
sual noise when the generated image is unreliable.
Finally, the matching score is computed via cosine
similarity: f(q, pos) = cos(h

(q)
final,h

(pos)
final).

3.5 Multimodal Guided Adaptive
Reweighting

To optimize discriminative structural matching un-
der Data Quality Uncertainty of generated im-
ages, we employ a robust contrastive learning strat-
egy. Instead of treating all samples equally, we
introduce MGAR to govern the trade-off between

Data Validity (filtering noise) and Task Discrim-
inability (mining hard negatives). Drawing upon
GISTEmbed (Solatorio, 2024), we employ a frozen,
powerful encoder to assess sample quality via Dual-
View Assessment, leveraging the orthogonal per-
spectives of linguistic logic and visual intuition.

Guide Scoring with Visual Relaxation. We first
quantify the plausibility of each sample ⟨q, pos⟩.
For the textual score (stxt), we verify semantic
alignment via standard cosine similarity. For the
visual score (svis), considering that generated im-
ages often capture Visual Grouping Signals (e.g.,
sibling resemblance) rather than precise hierarchi-
cal entailment, we adopt a visual relaxation strategy.
Instead of strict matching, we accept the query q if
it visually aligns with any constituent node of the
candidate position pos:

stxt = cos(etxtq , etxtpos)

svis = max
n∈{p,c,s}

cos(evisq , evisn )
(4)

This max operation prevents false rejections when
the image resembles a specific neighbor (e.g., a
Sibling with shared shape) rather than the abstract
Parent, effectively utilizing the grouping cues.

Consensus-Based Reweighting. We diagnose
data quality based on cross-modal consensus and
assign adaptive weights w. To overcome the limi-
tations of single-modality filters (which risk over-
cleaning due to domain gaps (Solatorio, 2024)), we
design two complementary logic flows:
(1) Noise Handling (Mutual Rescue via Inter-
section): To address Data Validity, we identify
noise only when both modalities reject the sam-
ple (stxt<τn ∧ svis<τn). We apply Soft Down-
weighting (w+=γnoise<1) rather than hard re-
moval. This acts as a Safety Net, suppressing gra-
dients from likely hallucinations while preserving
valid long-tail concepts that are obscure in one
modality but supported by the other.
(2) Hard Negative Mining (Complementary
Union): To enhance Task Discriminability, we tar-
get the confusion caused by visual resemblance.
If a negative sample is flagged as highly simi-
lar by either modality (stxt>τh ∨ svis>τh), we
treat it as a Hard Negative. We boost its weight
(w− = γhard > 1) to impose a larger penalty, forc-
ing the model to learn a rigorous decision boundary
that distinguishes symmetric visual similarity (e.g.,
siblings) from asymmetric hierarchical entailment.
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Final Objective. We employ a weighted pairwise
contrastive margin loss. For a query q, its ground-
truth position pos+, and a set of sampled negatives
N−, the loss is formulated as:

L = w+D(q, pos+)2 +
∑

n−∈N−
w−[m−D(q, n−)

]2
+

(5)
where D(·) denotes the cosine distance, m is the
margin, and [·]+ denotes max(0, ·).

4 Experiment

4.1 Experimental Settings

Datasets and Metrics. We conduct experiments
on three benchmarks following (Xu et al., 2023):
SemEval-Food (Bordea et al., 2015) (concrete en-
tities with distinct visual features), MeSH (Lip-
scomb, 2000) (specialized medical concepts), and
WordNet-Verb (Jurgens and Pilehvar, 2016) (ab-
stract actions challenging for visualization). De-
tailed statistics and splits are provided in Ap-
pendix A.1. Following standard protocols (Wang
et al., 2022), we evaluate under the all-rank setting,
reporting Macro Mean Rank (MR), Mean Recipro-
cal Rank (MRR), Recall@k, and Hit@k.

Baselines. We focus on representation-based TC
methods, including TMN (Zhang et al., 2021), Tax-
oEnrich (Jiang et al., 2022), QEN (Wang et al.,
2022), TaxoComplete (Arous et al., 2023), and
CoSTC (Niu et al., 2024). Additionally, we adapt
TE baselines TaxoExpan (Shen et al., 2020) and
Arborist (Manzoor et al., 2020) to TC. We exclude
interaction-based methods due to their prohibitive
computational costs on large-scale taxonomies (Xu
et al., 2025b). Note that we do not compare with
multimodal TE methods (Zhu et al., 2023) due to
the fundamental task mismatch. To clarify, the
VITC (Text-Only) variant takes the same input as
all text-only baselines: concept name plus origi-
nal definition, with no visual pseudo-tokens. The
detailed caption Lq is used only as the Stage 1 align-
ment target (Sec. 3.3) and never as a Stage 2 input.
Any gain over VITC (Text-Only) thus reflects the
contribution of visual injection, not richer text.

4.2 Main Results

Table 1 compares VITC against state-of-the-art
baselines across three diverse datasets. First, VITC
dominates on visually rich domains. On SemEval-
Food, it achieves a remarkable 21.1% absolute gain
in Hit@1 over the strongest baseline (CoSTC). This

confirms that visual injection effectively bridges
the “Sensory Gap”, utilizing distinct visual cues
to differentiate textually ambiguous concepts. Sec-
ond, VITC exhibits strong robustness on abstract
concepts. On WordNet-Verb and MeSH, VITC con-
sistently outperforms text-only methods, notably
doubling the Hit@1 on WordNet (14.6% → 31.3%).
This validates that our generative injection strategy
captures valid structural signals even for abstract
nodes, while the MGAR module effectively pre-
vents noise interference.

Impact of Multimodal Integration Architecture.
Table 2 investigates different integration strategies.
Note that to strictly isolate the impact of fusion
architectures, we adapted the QEN baseline to use
standard mean pooling (denoted as QEN (Mean
Pooling)). While this simplification yields lower
scores, it provides a uniform backbone for direct
comparison with Late Fusion. (1) Validity of Visual
Signals: Adding Late Fusion to this backbone im-
proves performance, confirming visual cues indeed
facilitate structural grounding. (2) Superiority of
Deep Injection: Even without visual tokens, VITC
(Text-Only) outperforms the multimodal QEN +
Late Fusion, as our unified triplet template cap-
tures holistic structural interactions better than sep-
arate encoding (Niu et al., 2024). Crucially, Deep
Injection delivers a substantial final leap (e.g., Se-
mEval Hit@1 +16.2% over VITC Text-Only). This
confirms that disjoint Late Fusion fractures the rea-
soning process, whereas injecting pseudo-tokens
enables the text encoder to dynamically “consult”
visual evidence during structural inference.

4.3 Ablation Studies

Is the Gain from Rich Text or Visual Injection?
A natural concern is whether VITC’s improvement
stems from the visual modality itself or merely
from reading a richer textual caption. To disentan-
gle these factors, we feed the detailed caption to
the text-only pipeline in two forms (Table 3). (1)
Rich text alone causes semantic drift: replacing
the strict definition with the scene-oriented caption
drops Hit@1 from 43.9 to 33.8, as the model is
distracted by descriptors (e.g., “wooden serving
plate”) deviating from strict is-a semantics. (2) The
concise definition is indispensable: restoring it via
Def+Caption recovers Hit@1 to 47.8, still substan-
tially below our full model. (3) Visual tokens solve
the information-overload problem: even with both
definition and caption provided, Def+Caption lags
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Table 1: Overall results on three datasets. The top section compares VITC with baselines, while the bottom section
presents ablation studies for three proposed modules. Metrics are evaluated on total, leaf, and non-leaf nodes. ↓:
lower is better. Best results are bold, and the best baseline results are underlined.

Datasets Methods Total Leaf Non-leaf

MR↓ MRR R@1 R@5 R@10 H@1 H@5 H@10 MRR H@5 R@10 MRR H@5 R@10

SemEval-
Food

TaxoExpan 371.291 0.286 5.7 13.3 18.0 11.5 26.4 34.5 0.477 30.1 35.6 0.130 8.0 3.6
Arborist 256.491 0.290 13.0 18.0 21.0 26.4 34.5 38.5 0.466 39.0 38.5 0.146 12.0 6.7
TMN 173.516 0.332 10.7 18.7 22.0 21.6 36.5 39.9 0.538 41.5 41.5 0.164 12.0 6.1
TaxoEnrich 230.424 0.408 11.7 26.7 31.7 23.6 49.3 58.1 0.723 58.5 66.7 0.149 4.0 3.0
QEN 336.554 0.439 21.9 30.9 35.0 45.9 58.8 64.9 0.732 64.2 68.9 0.209 32.0 9.1
TaxoComplete 296.072 0.489 14.7 30.0 38.0 29.7 55.4 65.5 0.702 60.2 65.2 0.315 32.0 15.8
CoSTC 61.471 0.658 18.7 43.0 54.3 39.0 73.4 80.4 0.825 74.5 78.0 0.529 68.0 36.0

VITC 19.875 0.692 28.6 49.8 58.5 60.1 82.4 87.1 0.902 84.6 88.1 0.531 72.0 36.0
-No Guided Filter 30.514 0.641 23.8 41.8 52.1 50.0 70.9 80.4 0.862 74.0 80.7 0.471 56.0 30.1
-No Adaptive Boost 36.873 0.667 27.0 45.3 56.9 56.7 74.3 83.8 0.861 76.4 83.0 0.517 64.0 32.4
-No Visual Alignment 30.610 0.632 25.1 41.8 52.1 52.7 72.9 79.7 0.875 77.2 82.9 0.446 56.0 28.4

MeSH

TaxoExpan 1029.344 0.233 2.7 6.2 12.2 6.0 12.7 23.9 0.381 16.3 24.3 0.137 5.0 4.3
Arborist 843.199 0.337 5.0 13.6 21.8 11.0 25.8 37.4 0.437 26.7 30.6 0.271 23.8 16.0
TMN 567.831 0.372 7.2 17.3 24.6 15.9 33.6 43.8 0.525 38.4 40.7 0.271 23.4 14.1
TaxoEnrich 393.062 0.424 7.4 22.4 31.0 16.2 42.6 52.5 0.619 51.3 54.1 0.296 24.1 15.9
QEN 451.253 0.438 7.5 21.3 30.8 17.1 43.1 55.9 0.611 51.1 51.8 0.332 26.1 17.9
TaxoComplete 357.494 0.540 10.8 29.3 41.1 24.5 54.1 63.9 0.605 53.8 52.5 0.500 54.8 34.1
CoSTC 109.081 0.600 11.0 34.6 47.5 24.9 61.5 72.6 0.741 63.5 66.7 0.512 57.4 35.7

VITC 45.798 0.687 19.4 44.2 57.2 44.2 75.1 83.2 0.835 78.8 77.3 0.597 67.1 44.8
-No Guided Filter 59.084 0.652 16.3 40.2 52.4 37.1 70.6 81.6 0.838 77.0 77.7 0.538 56.6 36.8
-No Adaptive Boost 47.829 0.659 18.0 41.4 53.5 40.9 71.4 80.7 0.826 75.0 76.1 0.555 63.5 39.4
-No Visual Alignment 43.967 0.633 17.3 38.9 51.5 39.4 68.8 78.8 0.782 71.5 71.2 0.540 63.2 39.3

WordNet-
Verb

TaxoExpan 1752.271 0.215 4.1 11.4 15.1 6.1 17.1 22.5 0.354 20.5 26.7 0.057 3.1 1.7
Arborist 1455.251 0.246 3.8 11.0 15.5 5.7 15.5 21.6 0.331 16.2 21.8 0.148 12.8 8.4
TMN 1513.634 0.290 5.4 14.7 20.7 8.1 21.2 29.1 0.425 23.8 32.8 0.136 10.7 6.8
TaxoEnrich 5462.075 0.179 3.9 9.0 12.3 5.8 13.6 18.4 0.313 16.8 22.6 0.025 0.5 0.4
QEN 1730.755 0.404 9.1 23.3 31.0 13.9 34.0 43.9 0.568 38.6 48.4 0.224 15.3 11.8
TaxoComplete 2661.488 0.407 9.0 22.2 30.9 13.6 31.7 40.8 0.487 32.7 41.3 0.315 27.6 19.1
CoSTC 241.089 0.505 9.5 27.8 39.1 14.6 39.2 53.1 0.651 41.0 54.7 0.344 31.6 21.8

VITC 203.444 0.581 20.4 38.1 47.5 31.3 53.9 63.3 0.744 57.6 66.4 0.400 38.8 26.5
-No Guided Filter 161.915 0.552 15.3 35.3 44.5 23.5 49.9 60.3 0.710 53.1 62.7 0.377 36.7 24.3
-No Adaptive Boost 167.566 0.567 16.4 36.0 46.9 25.2 50.0 61.2 0.716 53.4 63.7 0.400 36.2 26.0
-No Visual Alignment 207.782 0.534 15.5 33.3 41.7 23.8 46.4 55.3 0.663 48.6 56.5 0.391 37.2 25.4

Table 2: Performance comparison of different multi-
modal integration architectures. QEN (Mean Pooling)
is a variant of QEN adapted with mean pooling to enable
direct feature concatenation. Late Fusion concatenates
visual features to this adapted backbone. Ours employs
the proposed Deep Injection mechanism.

Datasets Settings MRR H@1 H@5 R@5 R@10

SemEval-
Food

QEN (Mean Pooling) 0.413 37.5 54.3 27.6 32.7
+ Late Fusion 0.434 43.0 57.2 29.6 34.7
VITC (Text-Only) 0.608 43.9 75.6 41.8 50.2
Ours (Deep Injection) 0.692 60.1 82.4 49.8 58.5

MeSH

QEN (Mean Pooling) 0.343 19.2 37.9 18.4 25.3
+ Late Fusion 0.408 21.3 42.6 20.3 27.6
VITC (Text-Only) 0.592 31.8 65.4 34.5 46.3
Ours (Deep Injection) 0.687 44.2 75.1 44.2 57.2

WordNet-
Verb

QEN (Mean Pooling) 0.284 12.9 28.7 18.5 23.1
+ Late Fusion 0.317 15.8 34.6 23.8 25.2
VITC (Text-Only) 0.513 19.4 43.9 30.2 40.1
Ours (Deep Injection) 0.581 31.3 53.9 38.1 47.5

VITC (Full) by 12.3% Hit@1. Concatenating long
captions for three nodes ⟨p, c, s⟩ exceeds the 512-
token limit, truncating critical definitions. VITC
instead compresses the same rich semantics into
k=4 pseudo-tokens, confirming the gain originates
from genuine visual grounding, not longer text.

Table 3: Textual Input Ablation on SemEval-Food.
Caption replaces the concise definition with the detailed
image caption; Def+Caption concatenates both. VITC
(Full) instead compresses visual semantics into k=4
pseudo-tokens.

Settings MRR H@1 H@5 R@5 R@10

VITC (Text-Only) 0.608 43.9 75.6 41.8 50.2
VITC (Caption) 0.539 33.8 64.2 34.1 39.6
VITC (Def+Caption) 0.647 47.8 72.9 42.4 52.7

VITC (Full, Ours) 0.692 60.1 82.4 49.8 58.5

Impact of Structure-Aware Visual Mapping.
Table 4 validates the proxy tasks designed for visual
projection. (1) Foundation of Visual Semantics:
Task A acts as the primary information source. Re-
moving it causes Stage 1 alignment metrics (I→C,
I→L) to collapse to near-zero, dragging down-
stream performance down to the level of random
initialization (w/o Stage 1). This confirms that re-
constructing detailed captions is essential for en-
coding visual richness. (2) Structural Adaptation:
Task C is crucial for bridging the gap to Stage 2
reasoning. Its removal leads to performance degra-
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Table 4: Ablation studies of pre-training tasks in Stage
1. Task A: Richness, Task B: Concept, Task C: Struc-
ture. We report R@1 for Image-to-Concept (I→C) and
R@5 for Image-to-LongCaption (I→L) in Stage 1, and
ranking metrics for Stage 2.

Datasets Settings Stage 1 Stage 2
I→C I→L MRR H@1 H@10

SemEval-
Food

Ours 15.5 61.5 0.692 60.1 87.1
w/o Task A 2.7 4.7 0.633 52.0 83.8
w/o Task B 14.9 55.4 0.658 58.3 82.4
w/o Task C 10.8 54.1 0.648 55.4 85.1
w/o Stage 1 0.7 3.4 0.632 52.7 79.7

MeSH

Ours 11.4 56.2 0.687 44.2 83.2
w/o Task A 0.2 1.3 0.646 40.1 79.6
w/o Task B 8.4 51.3 0.673 43.8 81.2
w/o Task C 7.0 49.2 0.671 40.2 82.6
w/o Stage 1 0.1 0.5 0.633 39.4 78.8

WordNet-
Verb

Ours 5.7 59.5 0.581 31.3 63.3
w/o Task A 0.2 0.7 0.541 23.8 58.4
w/o Task B 3.1 54.3 0.568 26.7 62.7
w/o Task C 2.8 40.2 0.555 25.6 61.0
w/o Stage 1 0.0 0.3 0.534 23.8 55.3

dation (e.g., -4.7% Hit@1 on Food), proving that
pre-training within topological templates enables
pseudo-tokens to function effectively in hierarchi-
cal contexts. (3) Semantic Intersection: Task B
shows the smallest impact. We attribute this to the
fact that the detailed captions in Task A often im-
plicitly contain concept names, rendering Task B a
semantic subset that serves primarily as a stabilizer
rather than a new information source.

Impact of Adaptive Residual Fusion. Table 5
validates the decoupling strategy. (1) Calibrating
Magnitude: Naive Mean Pooling fails due to den-
sity imbalance. Removing Visual Boost causes
a sharp decline in Hit@1 (e.g., -5.4% on Food),
confirming that scarce visual tokens require cali-
bration to survive textual drowning. (2) Filtering
Noise: Removing Adaptive Gating degrades perfor-
mance, proving unconditional boosting amplifies
noise, particularly in abstract domains. (3) Explicit
Fusion Necessity: w/o Image Pooling outperforms
the Pure Text baseline (Table 2) due to implicit at-
tention and MGAR filtering. However, Ours yields
a distinct gain, confirming that while “consulting”
pseudo-tokens helps, explicitly fusing visual resid-
uals is critical for maximizing discriminability.

Impact of MGAR Strategy (Logic). Table 6 val-
idates the cross-modal consensus logic. (1) Hard
Negative Mining (Union): Compared to text-only
mining, the MM Hard Neg setting consistently im-
proves performance (e.g., MeSH Hit@1 +2.5%),
confirming that visual similarity helps identify con-

Table 5: Ablation studies of the fusion mechanism in
Stage 2. We investigate the effectiveness of the pro-
posed Adaptive Residual Fusion by removing specific
components. Naive Mean Pooling denotes the standard
pooling strategy without separation. w/o Image Pooling
represents the setting where image tokens are input to
the encoder for attention interaction but excluded from
the final pooling aggregation.

Datasets Settings MRR H@1 H@5 R@5 R@10

SemEval-
Food

Ours 0.692 60.1 82.4 49.8 58.5
w/o Visual Boost 0.665 54.7 79.7 46.0 55.3
w/o Adaptive Gating 0.637 54.7 75.0 45.0 53.1
Naive Mean Pooling 0.667 56.7 74.3 45.3 56.9
w/o Image Pooling 0.643 54.0 74.6 45.1 54.0

MeSH

Ours 0.687 44.2 75.1 44.2 57.2
w/o Visual Boost 0.661 41.8 73.5 42.7 54.9
w/o Adaptive Gating 0.663 41.2 72.8 42.0 54.4
Naive Mean Pooling 0.659 40.9 71.4 41.4 53.5
w/o Image Pooling 0.652 36.7 71.0 39.9 52.8

WordNet-
Verb

Ours 0.581 31.3 53.9 38.1 47.5
w/o Visual Boost 0.563 28.6 52.9 37.1 46.1
w/o Adaptive Gating 0.566 26.9 52.2 36.9 46.6
Naive Mean Pooling 0.567 25.2 50.0 36.0 46.9
w/o Image Pooling 0.558 24.4 51.9 36.2 45.5

Table 6: Step-by-step ablation studies of the MGAR
module. We progressively add components to validate
the effectiveness of the proposed Multi-modal Hard
Mining (Union) and Multi-modal Noise Filtering (In-
tersection).

Datasets Settings MRR H@1 H@5 R@5 R@10

SemEval-
Food

Vanilla (Rand. Neg.) 0.641 50.0 70.9 41.8 52.1
+ Text Hard Neg 0.676 55.4 77.0 46.8 57.6
+ MM Hard Neg (Union) 0.687 56.1 78.4 46.9 58.5

+ Text Noise Filter 0.644 54.1 77.7 45.3 53.4
+ MM Noise Filter (Ours) 0.692 60.1 82.4 49.8 58.5

MeSH

Vanilla (Rand. Neg.) 0.652 37.1 70.6 40.2 52.4
+ Text Hard Neg 0.670 40.4 71.9 42.1 55.2
+ MM Hard Neg (Union) 0.675 42.9 72.9 42.1 56.1

+ Text Noise Filter 0.662 41.2 71.2 41.6 54.4
+ MM Noise Filter (Ours) 0.687 44.2 75.1 44.2 57.2

WordNet-
Verb

Vanilla (Rand. Neg.) 0.552 23.5 59.9 38.1 47.5
+ Text Hard Neg 0.567 27.0 53.4 37.3 46.8
+ MM Hard Neg (Union) 0.577 28.7 53.5 38.0 47.5

+ Text Noise Filter 0.559 26.7 52.1 36.5 45.6
+ MM Noise Filter (Ours) 0.581 31.3 53.9 38.1 47.5

fusing siblings that text misses (Complementary
Mining). (2) Noise Filtering (Intersection): A crit-
ical observation is the “Over-cleaning Paradox”:
applying a Text Noise Filter actually degrades per-
formance across all three datasets compared to the
previous step. This proves that single-modality fil-
tering erroneously discards valid long-tail concepts.
However, our MM Noise Filter not only recovers
this loss but achieves the best overall performance,
validating the Mutual Rescue mechanism: preserv-
ing samples unless both modalities reject them acts
as a crucial safety net.

Impact of Weighting Actions (Implementation).
Table 7 analyzes the processing actions. For Noise
(Part 1), Soft Down-weighting outperforms Hard
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Table 7: Ablation study on weighting strategies for noise
and hard negative handling on SemEval-Food. We re-
port the impact of different weights (w) for Noise Han-
dling (Part 1) and Hard Negative Handling (Part 2).

Action Logic Weight
Overall Leaf (L) Non-Leaf (NL)

(w) MRR H@5 MRR H@1 MRR H@1

Part 1: Noise Handling (Fix Hard Neg w = 2.0)
Hard Removal 0.0 0.687 79.7 0.900 56.1 0.525 36.0
Soft Down-weight (Ours) 0.1 0.692 82.4 0.902 64.2 0.531 40.0

Part 2: Hard Negative Handling (Fix Noise w = 0.1)
False Neg Filter 0.0 0.663 70.3 0.786 48.8 0.569 48.0
Ignore (Standard) 1.0 0.651 76.4 0.881 56.1 0.474 20.0
Soft Up-weight (Ours) 2.0 0.692 82.4 0.902 64.2 0.531 40.0

Table 8: Impact of generator and captioner choices on
SemEval-Food. I→L reports Stage 1 alignment quality
(R@5); H@1 and MRR report Stage 2 performance.

Generator Captioner I→L H@1 MRR

DALL-E 3 Internal 61.5 60.1 0.692
SDXL LLaVA-8B 57.4 59.5 0.675
SDXL BLIP-2 33.8 58.7 0.674
SDXL BLIP 62.2 52.0 0.663

Text-Only (No Visual) – 43.9 0.608

Removal, indicating that flagged samples still re-
tain partial valid signals (e.g., node names) use-
ful for weak supervision. For Hard Negatives
(Part 2), discarding them (w=0.0) degrades per-
formance, particularly on Leaf nodes. Conversely,
Up-weighting boosts discriminability, confirming
that visually similar siblings are not noise, but criti-
cal boundary-defining samples that the model must
actively learn to distinguish.

Impact of Generator and Captioner Choice.
To address the concern of dependency on pro-
prietary DALL-E 3, we replace the generation
pipeline with fully open-source alternatives: Sta-
ble Diffusion XL (SDXL) paired with various
captioners (Table 8). (1) Open-source feasibility:
the SDXL+LLaVA pipeline reaches 59.5 Hit@1,
nearly matching DALL-E 3 (60.1) and far exceed-
ing the text-only baseline (43.9), confirming VITC
is not bound to proprietary generators and remains
reproducible with open tools. (2) Captioner qual-
ity dominates: replacing LLaVA with lightweight
captioners sharply degrades Hit@1, even though
BLIP attains a higher Stage 1 score (62.2). This
counterintuitive gap reveals that shallow captions
inflate alignment metrics yet fail to capture the fine-
grained visual details required by Richness Distil-
lation (Task A), validating its role as the primary
information source in Stage 1. We note that prompt
and random seed variations constitute minor per-
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Figure 3: Parameter Sensitivity Analysis on SemEval-
Food. (a) Noise filtering threshold τn. (b) Hard negative
mining threshold τh. (c) Impact of visual token number
k, comparing alignment accuracy (I-L R@1) in Stage 1
vs. downstream ranking (MRR) in Stage 2.

turbations compared to switching major pipeline
components (generator/captioner), and our results
remain stable across such variations.

Parameter Study. Figure 3 investigates the im-
pact of key hyperparameters. (1) Thresholds
(τn, τh): Both exhibit inverted U-shaped trends.
Low τn (< 0.3) fails to filter hallucinations, while
high values (> 0.4) over-clean valid concepts. For
τh, a moderate 0.9 is optimal; lower values confuse
distinct concepts as hard negatives, while higher
values miss subtle sibling cues. (2) Token Num-
ber (k): A Trade-off. Figure 3(c) illustrates the
Density-Selectivity Dilemma. While increasing k
from 1 to 8 improves Stage 1 reconstruction quality
(I-L R@1 rises), it harms downstream TC perfor-
mance (MRR drops after k = 4). This indicates
that although more tokens encode richer visual de-
tails, they also introduce redundancy and numeri-
cally overwhelm the textual context in the fusion
stage. Thus, k = 4 strikes the optimal balance
between information richness and token density.

5 Conclusion

We proposed VITC to bridge the "Sensory Gap" in
Taxonomy Completion by injecting synthesized im-
ages as pseudo-tokens. Adaptive Residual Fusion
and the consensus-driven MGAR strategy address
the resulting modality imbalance and data quality
challenges. Experiments on three datasets yield
absolute Hit@1 gains of 21.1%, 19.3%, and 16.7%
over the strongest baselines. Ablations confirm the
gain stems from genuine visual grounding rather
than richer text, and that deep injection outperforms
late fusion by enabling the encoder to consult vi-
sual cues during structural reasoning. The frame-
work generalizes to open-source pipelines, offering
a reproducible pathway for multimodal knowledge
engineering where visual data is unavailable.
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Limitations

While VITC demonstrates the effectiveness of gen-
erative visual injection, we acknowledge several
limitations that suggest avenues for future improve-
ment:
(1) Dependency on Generative Models. Our
framework relies on an external generator to synthe-
size visual signals. While VITC is compatible with
both proprietary (DALL-E 3) and fully open-source
(SDXL) pipelines (Sec. 4.3), the final performance
remains contingent on the generator’s capacity to
produce faithful images. Moreover, while offline
synthesis is a one-time overhead, the computational
resources required for large-scale preparation are
notably higher than those of retrieval-based meth-
ods. For polysemous definitions, generators may
follow the wrong sense and amplify errors (Ap-
pendix A.8).
(2) Non-Visualizable Concepts. While robust
on abstract verbs (WordNet) and medical terms
(MeSH), there remains a fundamental limit to vi-
sual grounding. Extremely abstract concepts, such
as philosophical terms (e.g., “Existentialism”) or
grammatical function words, often lack meaning-
ful visual representations. Such concepts create
an inherent gap between linguistic richness and
visual grounding that remains difficult to bridge,
potentially limiting the gain from visual injection.
In such cases, the model primarily falls back to
textual semantics via the gating mechanism.
(3) Imperceptible and Hierarchical Traits. Case
studies (Appendix A.8) reveal two failure modes:
(i) concepts defined by internal composition rather
than appearance (e.g., Skim Milk, defined by fat
content), and (ii) parent-child pairs that are visu-
ally near-identical (e.g., Sparkling Wine vs. Cham-
pagne), where vision excels at distinguishing sib-
lings but struggles with hierarchical inclusion.
Tightly integrating structural priors with visual ev-
idence to capture these fine-grained distinctions
remains an open direction.
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A Appendix

A.1 Dataset Details

We conduct experiments on three public datasets
covering diverse domains and abstraction levels.
Statistical details are summarized in Table 9.
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• SemEval-Food (Bordea et al., 2015): Orig-
inating from SemEval-2015 Task 17, this
dataset constructs a hierarchical taxonomy
specifically for the food domain, representing
concrete entities with distinct visual features.

• MeSH (Medical Subject Headings) (Lip-
scomb, 2000): A subgraph extracted from
the comprehensive biomedical indexing sys-
tem. It represents a specialized clinical taxon-
omy characterized by rigorous scientific defi-
nitions.

• WordNet-Verb (Jurgens and Pilehvar, 2016):
Derived from SemEval-2016 Task 14 (based
on WordNet 3.0), this dataset organizes verbs
into a hypernym hierarchy. It presents a
unique challenge due to the high abstraction
and polysemy of action-oriented concepts.

Data Partitioning. Following (Wang et al., 2022;
Xu et al., 2023), we partition the node set N into
disjoint subsets: Ntrain, Nvalidation, and Ntest. For
SemEval-Food and MeSH, we adopt a percentage-
based split: 10% of nodes are allocated for valida-
tion and 10% for testing, with the remaining 80%
serving as the training set. For WordNet-Verb,
given its scale, we randomly sample fixed sets of
1,000 nodes each for validation and testing, retain-
ing the rest for training.

Table 9: Detailed statistics of the three benchmark
datasets. |N | and |E| denote the total count of nodes
and edges. #depth indicates the maximum hierarchical
depth, and #avg.tokens represents the average length of
textual definitions. #candidates refers to the total num-
ber of candidate positions considered during evaluation.

Dataset |N |/|N train| |E| #depth #avg.tokens #candidates

SemEval-Food 1,486 / 1,190 1,533 8 34.6 7,313
MeSH 9,710 / 8,072 10,498 10 62.6 42,970
WordNet-Verb 13,936 / 11,936 13,407 12 26.4 51,159

A.2 Baseline Descriptions

We compare our framework against the follow-
ing state-of-the-art representation-based taxonomy
completion methods:

• TMN (Zhang et al., 2021): A channel-
wise matching framework that enhances con-
cept representation by decomposing the main
task into auxiliary sub-objectives, specifically
matching the query to potential parents and
children to the query.

• TaxoEnrich (Jiang et al., 2022): This method
focuses on capturing the local topological con-
text. It employs a query-aware sibling aggre-
gator to refine position representations using
taxonomy-contextualized embeddings.

• QEN (Wang et al., 2022): Leveraging pre-
trained language models, QEN generates se-
mantic representations with a specific focus
on mitigating noise from "pseudo-leaves" via
a sibling-relation objective.

• TaxoComplete (Arous et al., 2023): A self-
supervised framework that combines a bi-
encoder architecture for semantic matching
with a direction-aware graph propagation
mechanism to generate position-enhanced
node embeddings.

• CoSTC (Niu et al., 2024): Adopts a con-
trastive learning paradigm to extract taxo-
nomic relations. It constructs two distinct con-
trastive views and employs a hard negative
sampling strategy to improve discriminative
capability.

A.3 Implementation Details
We employ MPNet-base (Song et al., 2020)
as the text encoder and the visual branch of
blip-itm-large-coco (Li et al., 2022) as
the frozen vision backbone. For the Guide Scor-
ing in the MGAR strategy (Sec. 3.5), we ex-
tract the text embeddings etxt using the frozen
Qwen3-Embedding-0.6B (Team, 2025). For
the visual embeddings evis, we reuse the
frozen representations extracted by the aforemen-
tioned blip-itm-large-coco vision back-
bone prior to the mapping network. These guide
models remain strictly frozen during the entire
training process to provide stable reference scores.
The mapping network is a 2-layer MLP (increas-
ing from 256 to 512, and finally 768, or as con-
figured) with LayerNorm and GELU. Training is
conducted on an NVIDIA A800 using AdamW:
(1) Stage 1: We optimize only the mapping net-
work for 60 epochs (BS=128, LR=1e−4). The
anti-shortcut dropout rates are set to ρdef = 0.3
and ρtoken = 0.1. (2) Stage 2: We fine-tune the
text encoder and mapping network for 20 epochs
(BS=256, LR=5e−5). To ensure Robust Initializa-
tion of the Adaptive Fusion module, the gate bias
bg is initialized to −2.0, starting with a near-zero
visual residual. For MGAR, we set the consensus
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threshold τn = 0.35, τh = 0.9, margin m = 0.5,
and adaptive weights γnoise = 0.1, γhard = 2.0.
Following (Wang et al., 2022), we add siblings to
the candidate position:⟨p, c, s⟩ by randomly select-
ing a child of p.

A.4 Visual Imputation Details

We generate representative images (1024×1024)
for all taxonomy nodes using DALL-E 3. Note
that this is a one-time, offline pre-processing step
that incurs no computational overhead during the
inference phase. To ensure coverage and safety, we
employ a hierarchical three-step strategy:
1. Standard Generation. We primarily prompt the
model with: “Please generate the image of concept

“[Term]”. Its definition is “[Definition]”.”. Includ-
ing the definition explicitly resolves polysemy.
2. Safety Fallback. Upon content policy viola-
tions (e.g., sensitive medical imagery), we retry
with a "Scientific Illustration" style: “An abstract,
educational diagram representing: “[Definition]”
(Concept: “[Term]”). Minimalist line art, safe for
work.”. This abstract style reduces safety triggers
while preserving structural semantics.
3. Synthetic Placeholder. For nodes where gen-
eration remains impossible (e.g., due to persistent
safety/copyright restrictions) or artificial structural
nodes (i.e., pseudo-roots and pseudo-leaves), we
programmatically render the term’s name as white
text on a black background. This ensures the vision
encoder extracts non-zero text-pattern features.

Notably, our empirical statistics observe that
the Safety Fallback (Step 2) successfully resolved
content policy restrictions for the vast majority of
taxonomy concepts. Consequently, the Synthetic
Placeholder (Step 3) was triggered primarily for
structural auxiliary nodes (i.e., pseudo-roots and
pseudo-leaves). With less than 1% of actual con-
cepts reverting to placeholders, this guarantees that
the system is predominantly grounded in rich, gen-
erative visual semantics, rendering the impact of
OCR-based features statistically negligible.
Caption Alignment. For Stage 1 training, we use
the revised_prompt returned by the DALL-E
3 API as the ground-truth caption, as it reflects the
system’s actual output more accurately than the
input definition.

A.5 Qualitative examples

We visualize representative generated images
across three datasets to analyze the quality of visual

injection in Figure 4. Columns 1-4 (Good Match-
ing) demonstrate that for concrete entities (e.g.,
“Beef Burrito” in SemEval) and distinct actions
(e.g., “Judge” in WordNet), the generated images
provide rich, discriminative visual cues that com-
plement textual descriptions, validating our "Visual
Imputation" strategy. Columns 5-6 (Abstract/Hard
Cases) highlight the limitations of visualization
for abstract concepts. For terms like “Mental dys-
function” (MeSH) or “Aggrieve” (WordNet), the
images rely on metaphors or artistic abstractions
rather than concrete evidence. This observation jus-
tifies our design of the Adaptive Residual Fusion
mechanism, which acts as a “safety valve” to filter
out such visual noise and down-weight ambiguous
signals for non-visualizable concepts.

Beyond the concrete examples in Figure 4, we
emphasize that synthesized images for abstract or
high-level concepts should not be interpreted as
literal visual ground truth. Rather, they often ex-
hibit recurring visual metaphors or domain-level
regularities, which can be captured by a separate
frozen vision encoder and used as coarse discrim-
inative cues for taxonomy completion. In other
words, the generator provides a structured visual
prior, while the downstream encoder exploits the
resulting regularities to support structural matching.
This perspective helps explain why VITC still im-
proves performance on abstract or non-leaf nodes,
despite the lack of directly visualizable physical at-
tributes. Nevertheless, these signals are not always
reliable: for highly non-visualizable concepts, the
generated imagery may become overly artistic, am-
biguous, or semantically unstable. This is consis-
tent with the hard cases in Figure 4 and the failure
analyses in Appendix A.8, and motivates our use of
adaptive fusion to reduce the influence of uncertain
visual evidence. For transparency and reproducibil-
ity, we release the full set of synthesized images
in our public repository, so that interested readers
can inspect a broader range of abstract and con-
crete concepts beyond the representative examples
shown in Figure 4.

A.6 Computational Cost and Deployment
A common concern for multimodal frameworks
is the computational overhead introduced by the
visual pipeline. We clarify that VITC’s heavy com-
putation is strictly offline and one-time, while the
online inference cost is negligible. Table 10 sum-
marizes the end-to-end cost of each stage on a sin-
gle NVIDIA A800 GPU.

6104



Figure 4: Illustration of generated visual images with concepts’ definitions across three datasets.

Table 10: Cost breakdown of VITC. All heavy computa-
tions are performed offline; online inference adds only
k=4 visual pseudo-tokens per node, yielding negligible
latency.

Stage Operation Time Mode

Pre-process Image Gen. (SDXL) ∼2.0 s/concept Offline
Pre-process Captioning (LLaVA) ∼10 s/concept Offline
Stage 1 Visual Mapping <1 hr (total) Offline
Stage 2 TC Fine-tuning <30 min/epoch Offline

Inference Taxonomy Completion <10 ms/query Online

Offline Pre-processing. Image synthesis and
captioning are executed once per concept and
stored as cached features. All SDXL generation
and LLaVA captioning runs use batch size =
1 with FP16, fitting comfortably within the low-
teens GB range on a single 24 GB consumer GPU
(e.g., RTX 3090/4090).

Online Deployment. During inference, VITC
only processes k=4 additional visual pseudo-
tokens per node beyond the standard text input.
The resulting latency increase over a plain BERT-
base text encoder is negligible in practice, ensuring
that visual injection does not harm deployment ef-
ficiency. Consequently, VITC can be trained and
deployed entirely on a single consumer GPU, ren-
dering it accessible for typical research settings.

A.7 Bias Audit of Generated Visual Data

Since generative models are known to encode soci-
etal biases, we conducted a systematic audit of the
synthesized images and their associated captions
used in VITC. We examine potential bias at two
levels: visual content and textual descriptors.

Visual Content: Stereotypes vs. Discriminative
Features. We inspected sensitive concepts in-
volving human professions (e.g., Nurse, Judge, Po-
lice Officer). In contrast to well-known biases such
as “Nurse = Female”, the generated images ex-
hibit notable demographic diversity in gender
and ethnicity, consistent with the safety alignments
of modern generators (DALL-E 3 / SDXL). We
further distinguish stereotypes from discrimina-
tive features. Visual cues such as a stethoscope
for a doctor or a gavel for a judge are functional
archetypes, not demographic biases. They serve as
essential features for VITC to separate e.g. Doctor
from Lawyer. Our inspection confirms that these
functional attributes are consistently present across
samples, while demographic traits vary, allowing
the model to learn the former without overfitting to
the latter.

Textual Descriptors: Spurious Correlations.
We also observed that a small fraction of captions
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contain safety-related descriptors (e.g., “diverse
group”, “Caucasian”). We verified that these noise
words do not alter hierarchy predictions, as Stage 1
(training the mapping network) implicitly filters out
non-structural text. Nevertheless, such descriptors
could in principle be stripped via a simple keyword
filter before training, offering a straightforward mit-
igation path for safety-sensitive deployments.

Summary. The audit confirms that VITC pre-
dominantly leverages functional, task-relevant vi-
sual cues rather than demographic stereotypes.
Combined with the MGAR noise-filtering mech-
anism (Sec. 3.5), the risk of propagating harmful
bias into downstream taxonomy structures is effec-
tively mitigated.

A.8 Qualitative Case Studies

To provide intuition beyond aggregate metrics, we
present representative cases where VITC succeeds
or fails relative to text-only baselines in Figure 5.
Each case is structured as Error / Visual Signal /
Outcome / Insight.

A.8.1 Success Cases: Bridging the Sensory
Gap

Case 1 — Visual Texture Differentiation (Em-
menthal vs. Gruyere). Error: Text-only base-
lines (e.g., TaxoComplete) incorrectly predict Em-
menthal as a parent/child of Gruyere. While their
definitions technically differ by a single modifier
(“large” vs. “small” holes), they share extensive
lexical overlap (“is Swiss cheese with...”). Text en-
coders struggle to prioritize this subtle single-word
distinction over the overwhelming shared context,
falling into a “lexical overlap trap” and inferring
a false hierarchy. Visual Signal: The generated
images faithfully translate this subtle textual dif-
ference into explicit, salient visual features. Em-
menthal is depicted with characteristic prominent,
large holes, contrasting clearly with the distinctly
smaller pores of Gruyere. Outcome: By ground-
ing these concepts visually, VITC overrides the
deceptive textual template similarity and correctly
identifies them as mutually exclusive Siblings un-
der the shared parent Swiss Cheese. Insight: Vi-
sual injection acts as a magnifying glass for sub-
tle textual differences. It transforms single-word
modifiers—which are easily drowned out in text se-
quence matching—into dominant, highly discrimi-
native visual textures.

Case 2 — Object-Level Discrimination (Pepper-
oni Pizza vs. Anchovy Pizza). Error: Baselines
conflate the two concepts due to structurally iden-
tical definitions (“tomato and cheese pizza with
[topping]”), a classic lexical overlap trap. Visual
Signal: The image for Pepperoni Pizza features
evenly distributed red circular slices, visually dis-
tinct from the dark, elongated strips of anchovies.
Outcome: VITC overrides the textual template
similarity and places Pepperoni Pizza at its correct
leaf position. Insight: Object-level visual cues pro-
vide a discriminative signal orthogonal to repetitive
textual templates.

A.8.2 Failure Cases: Limitations of Visual
Injection

Case 3 — Noise Amplification via Polysemy
(Bourbon). Error: The query Bourbon (intended
as whiskey) is incorrectly described in the dataset
as “a reactionary politician from the US South”. Vi-
sual Signal: VITC’s image generator faithfully fol-
lows this wrong definition, producing “a politician
with an American flag”. The strong but misleading
visual signal overwhelms latent taxonomic cues.
Outcome: The model drifts from Whiskey toward
K-ration (military/US history). Insight: Visual
injection is a double-edged sword: when the tex-
tual definition is itself noisy, generated images may
amplify rather than correct the error. This moti-
vates the cross-modal consensus design of MGAR,
though cases where text and vision jointly err re-
main an open challenge.

Case 4 — Hierarchical Collapse (Sparkling Wine
vs. Champagne). Error: The goal is to insert
Sparkling Wine as a parent of Champagne. VITC
instead places it as a child/sibling. Visual Signal:
The generic parent (Sparkling Wine) and the spe-
cific child (Champagne) are visually near-identical:
both feature “champagne flutes, bubbles, and cel-
ebratory vibes”. Outcome: The model struggles
to distinguish the generic class from its specific
instance based on vision alone, leading to hierar-
chical collapse. Insight: Visual modalities excel at

“Difference” (siblings) but struggle with “Inclusion”
(parent-child). This validates Adaptive Residual
Fusion, which learns to down-weight the visual
contribution (via the gate g) when visual distinc-
tiveness is low, preventing vision from dominating
structural reasoning.

Case 5 — Visually Imperceptible Attributes
(Skim Milk). Error: Skim Milk is defined by its
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Figure 5: Case studies of VITC overcoming the Sensory Gap and its limitations.

fat content (“milk from which the cream has been
skimmed”), a chemical attribute invisible to the
eye. Visual Signal: The generated image is “pure
white liquid in a clear glass”, visually identical to
Whole Milk or generic Dairy. The defining attribute
(lack of fat) is lost in translation. Outcome: VITC
is confused by the high visual similarity and fails
to separate the specific subtype from its generic
parent. Insight: Visual injection is less effective
for concepts defined by internal composition rather
than external appearance. This motivates the gating
mechanism g of Adaptive Residual Fusion, which
down-weights non-discriminative visual signals to
let precise textual definitions dominate.
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