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Abstract

Incomplete-Modality Multimodal Sentiment
Analysis extends multimodal sentiment anal-
ysis (MSA) to infer sentiment from language,
audio, and visual streams when one or more
modalities are incomplete at inference time. Ex-
isting methods improve incomplete-modality
MSA through feature reconstruction, distilla-
tion, or fusion adjustment, but usually assign
similar correction strength to all samples with
incomplete inputs. This overlooks the un-
even emotional impact of modality missing-
ness: mild missingness often leaves sentiment
recognizable, whereas severe missingness can
distort the expressed emotion and therefore re-
quires stronger correction. We propose Hy-
DRA (Hyperbolic Damage-aware Recovery
and Adaptation), a damage-aware and text-
guided hyperbolic framework that aligns cor-
rection strength with missingness-induced sen-
timent damage. HyDRA first recovers lost
emotional cues from available modalities, then
places each sample in the Poincaré ball accord-
ing to estimated damage severity, and finally
applies damage-weighted hyperbolic correction
toward a complete-modality teacher anchor.
Since hyperbolic distances expand near the
boundary, heavily incomplete samples receive
stronger correction while lightly incomplete
samples are gently adjusted. Experiments on
MOSI, MOSEI, and SIMS show SOTA robust-
ness across incomplete-modality conditions.

1 Introduction

Incomplete-Modality Multimodal Sentiment Anal-
ysis extends MSA to infer sentiment from language,
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Figure 1: Samples with complete modalities reside near
the origin, while those affected by modality missingness
are pushed toward the boundary. In the Poincaré ball,
distances are naturally amplified closer to the boundary,
so heavily damaged samples receive stronger correction,
while lightly damaged samples are gently adjusted.

audio, and visual streams when one or more modal-
ities are partially or entirely unavailable. This set-
ting is common in real deployments, where sen-
sor failures, network interruptions, or automatic
speech recognition (ASR) errors can produce in-
complete inputs (Yuan et al., 2021; Zhang et al.,
2024a). Although complete-input MSA has made
strong progress with cross-modal interaction strate-
gies (Zadeh et al., 2017; Liang et al., 2021; Han
et al., 2021; Wang et al., 2022, 2023; Zhang et al.,
2023), its complete-modality assumption limits ro-
bustness under incomplete inputs.

Existing research on this task can be broadly
categorized into three lines: (1) Feature reconstruc-
tion methods (Yuan et al., 2021; Yang et al., 2025;
Zhu et al., 2025) recover unavailable modality fea-
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tures, using cross-modal generative mappings or
learned proxy features; (2) Distillation-based meth-
ods (Ma et al., 2021; Li et al., 2024; Luo et al.,
2025) leverage a complete-modality teacher net-
work to supervise a student network that handles
incomplete inputs, thereby avoiding explicit feature
imputation; (3) Fusion-adjustment methods (Zhang
et al., 2024a) re-weight each modality’s contri-
bution during fusion by assigning completeness
scores.

Although these methods tackle modality miss-
ingness from different angles, they all overlook
a key fact: the impact of modality missingness
varies sharply across samples and missing rates.
Intuitively, losing only a small part of a modality
usually leaves a sample’s emotion recognizable,
whereas losing most of it can seriously distort what
the sample expresses. This suggests that a model
should apply stronger corrective guidance to more
severely damaged samples rather than using a cor-
rection strength that stays fixed (Nickel and Kiela,
2017; Ganea et al., 2018; Chami et al., 2019). Our
empirical analysis (Appendix A.1) confirms this in-
tuition: lightly incomplete samples remain close to
their complete-input representations, whereas heav-
ily incomplete samples move much farther away
and are harder to correct with a single correction
strength. Existing methods, however, cannot ac-
commodate such dynamics. As shown in Figure 1,
hyperbolic geometry offers a principled solution:
in the Poincaré ball, negative curvature causes dis-
tances to expand substantially near the boundary,
naturally imposing stronger correction on heavily
damaged samples while gently adjusting lightly
damaged samples.

In this paper, we propose HyDRA (Hyperbolic
Damage-aware Recovery and Adaptation), a
damage-aware and text-guided hyperbolic frame-
work for Incomplete-Modality Multimodal Senti-
ment Analysis that matches correction strength to
the emotional damage caused by modality missing-
ness. Specifically, to recover sentiment cues lost be-
fore fusion, we propose Cross-Modal Emotional
Recovery (CMER) that retrieves audio-visual ev-
idence with learnable proxy tokens and injects it
into the language stream through adaptive gating.
To further organize samples by damage severity,
we introduce Damage-Aware Hyperbolic Posi-
tioning (DAHP), which converts per-sample com-
pleteness into a radial coordinate in the Poincaré
ball. DAHP decouples sentiment semantics from
damage severity by using the direction to encode

text-guided fused content and the radius to en-
code reliability, placing low-completeness sam-
ples closer to the boundary where hyperbolic dis-
tances are naturally amplified. To adapt correc-
tion strength during training, we design Severity-
Adaptive Hyperbolic Correction (SAHC) that
transfers complete-modality teacher knowledge
with a damage-weighted hyperbolic distance, so
low-completeness samples placed near the bound-
ary receive stronger correction while reliable sam-
ples remain stable. Experiments on three bench-
mark datasets under missing rates from 0 to 0.9
show that HyDRA achieves state-of-the-art robust-
ness, with up to a 48.7% relative Acc-7 gain over
P-RMF under severe missingness.

The main contributions of this paper are: (1)
We propose HyDRA, a damage-aware hyperbolic
framework for Incomplete-Modality Multimodal
Sentiment Analysis. We model modality miss-
ingness as sample-level continuous damage and
use completeness-controlled radial positioning to
distinguish reliable representations from severely
damaged ones in the Poincaré ball. (2) We pro-
pose a severity-adaptive recovery and correction
mechanism by coupling cross-modal emotional
recovery with boundary-amplified hyperbolic dis-
tillation. This design restores missing sentiment
cues before fusion and assigns stronger teacher-
guided correction to lower-completeness samples.
(3) Experiments on MOSI, MOSEI, and SIMS
demonstrate state-of-the-art robustness across vari-
ous incomplete-modality conditions.

2 Related Work

2.1 Multimodal Sentiment Analysis

MSA methods usually assume complete lan-
guage, audio, and visual streams and focus on
stronger cross-modal representations. Represen-
tative work models high-order fusion, sequence
alignment, modality-invariant/specific factors, and
non-verbal augmentation for pretrained language
models (Zadeh et al., 2017; Tsai et al., 2019; Haz-
arika et al., 2020; Rahman et al., 2020). Subsequent
studies improve supervision, alignment, and fu-
sion through self-supervision, mutual information,
cross-modal enhancement, text-enhanced Trans-
formers, language-guided hyper-modality represen-
tations, asynchronous regularization, unified sen-
timent/emotion modeling, emotion-aware fusion,
and unimodal label correction (Yu et al., 2021; Han
et al., 2021; Wang et al., 2022, 2023; Zhang et al.,
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2023; Liang et al., 2021; Hu et al., 2022; Yuan et al.,
2024; Zhang et al., 2024b). These works provide
strong complete-input backbones, but they do not
specify how to recover or correct samples when
arbitrary portions of a modality are unavailable at
inference time for a test sample.

2.2 Incomplete-Modality Multimodal
Sentiment Analysis

Incomplete-modality MSA studies sentiment pre-
diction when modality streams are partially missing
or corrupted. Under the common intra-modal pro-
tocol, a missing rate rm controls how much of each
stream is erased. Existing methods improve robust-
ness through feature recovery, modality weighting,
or teacher guidance: TFR-Net reconstructs missing
features under varying missing rates (Yuan et al.,
2021); SMIL addresses missing modality combina-
tions under a different protocol (Ma et al., 2021);
LNLN reweights modalities during fusion (Zhang
et al., 2024a); P-RMF uses proxy-driven recovery
for incomplete language (Zhu et al., 2025); and
DAR decouples sentiment-related and irrelevant
factors before reconstruction (Yang et al., 2025).
Recent work further explores confidence-aware
self-distillation, foundation-model-assisted correc-
tion, contrastive multimodal interaction graphs, and
meta-learned modality weighting (Luo et al., 2025;
Zhao et al., 2025; Gong et al., 2026; Tu et al.,
2025). Although these methods form strong base-
lines, their recovery, distillation, or fusion signals
are usually not explicitly controlled by each sam-
ple’s estimated damage severity. HyDRA instead
maps each sample to a damage-controlled geomet-
ric position and uses that position to modulate cor-
rection strength.

2.3 Hyperbolic Geometry in Representation
Learning

Hyperbolic geometry is commonly used to encode
non-uniform structure because distances expand
rapidly near the boundary, a property that is at-
tractive when samples have different damage lev-
els. Poincaré and Lorentz embeddings, hyperbolic
neural networks, attention, graph neural networks,
and image embeddings show that curved spaces
can represent hierarchy or structured similarity
in compact dimensions (Nickel and Kiela, 2017,
2018; Ganea et al., 2018; Gulcehre et al., 2019;
Chami et al., 2019; Liu et al., 2019; Khrulkov et al.,
2020; Desai and Johnson, 2021). HyDRA also
draws on knowledge distillation, where a teacher-

student framework transfers information from a
stronger model to a compact or incomplete stu-
dent (Hinton et al., 2015). Existing hyperbolic
models mainly use curvature for representation,
while distillation-based incomplete-modality meth-
ods usually lack a sample-level geometric control
signal. HyDRA connects these lines by placing
samples at completeness-controlled radii and turn-
ing the Poincaré ball’s boundary amplification into
adaptive teacher correction.

3 Method

3.1 Overall Framework

Given multimodal inputs containing language, au-
dio, and visual modalities, Incomplete-Modality
Multimodal Sentiment Analysis aims to predict
the sentiment label y ∈ R for regression or y ∈
{1, . . . , C} for classification when arbitrary por-
tions of each modality are unavailable. For each
modality m ∈ {l, a, v} (language, audio, and vi-
sual), let Um ∈ RTm×dm denote the complete fea-
ture sequence and Ũm denote its incomplete coun-
terpart after masking. The missingness simulation
protocol is detailed in § 4.1.

To address missingness-induced damage that
grows with the amount of lost sentiment evidence,
HyDRA takes incomplete multimodal sequences as
input and predicts sentiment by recovering missing
cues, positioning each sample in a damage-aware
hyperbolic space, and applying severity-adaptive
teacher correction. As shown in Figure 2, the data
flow is Ũm → Hm → Ĥ l → (ŵ, G, z̃, z)→ Lhyp.
The three modules of HyDRA are designed to
make correction strength sample-adaptive rather
than uniform. Cross-Modal Emotional Recovery
(CMER) (§ 3.2) first reconstructs missing senti-
ment evidence at the representation level by us-
ing learnable proxy tokens to query audio-visual
streams and gatedly inject the retrieved evidence
into language features. Damage-Aware Hyper-
bolic Positioning (DAHP) (§ 3.3) explicitly as-
signs each sample a damage-aware location in the
Poincaré ball with a disentangled geometry: the
angular direction carries text-guided sentiment se-
mantics, whereas the radial position is controlled
by completeness and therefore encodes damage
severity. Severity-Adaptive Hyperbolic Correc-
tion (SAHC) (§ 3.4) further exploits the bound-
ary expansion of the Poincaré ball by applying
damage-weighted teacher-student correction, mak-
ing severely incomplete samples receive amplified
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Figure 2: Overall framework of HyDRA: Cross-Modal Emotional Recovery restores the emotional cues lost to
modality missingness, Damage-Aware Hyperbolic Positioning aggregates the recovered features and projects
them onto the Poincaré ball so that each sample’s position reflects its damage severity, and Severity-Adaptive
Hyperbolic Correction transfers teacher knowledge with correction strength matched to each sample’s damage
severity.

guidance and keeping mildly incomplete samples
stable.

3.2 Cross-Modal Emotional Recovery

To recover missing emotional cues before fusion,
we propose Cross-Modal Emotional Recovery
(CMER) to compensate the language stream on
incomplete-modality inputs, which retrieves audio-
visual evidence with learnable proxy tokens and
injects it through adaptive gating. Since language
usually carries the main sentiment semantics in
MSA (Zhang et al., 2023, 2024a), directly replac-
ing unavailable language features with zeros or
fixed values can severely degrade the fused repre-
sentation (Yuan et al., 2021; Zhu et al., 2025).

Specifically, we first encode each incomplete
modality m ∈ {l, a, v} with a modality-specific
encoder Em:

Hm = Em(Ũm) ∈ Rn×d (1)

where n is the unified token length and d is the
hidden dimension, so the three streams can be pro-
cessed in a shared feature space. Then, to recover
language cues that are lost in Ũ l, a learnable proxy
token P ∈ Rn×d is used as the query over the con-
catenated audio-visual features [Ha; Hv], yielding
a language-oriented proxy representation Hproxy.
Finally, to decide how much proxy information
should be injected, we adaptively fuse Hproxy with

the encoded language features H l through scalar
gating:

Ĥ l = g ·Hproxy + (1− g) ·H l (2)

where g = σ
(
Wg[H̄proxy; H̄

a; H̄v] + bg
)

is com-
puted from the sequence-averaged features with
sigmoid activation, and H̄ = 1

n

∑n
i=1Hi denotes

the sequence-averaged representation of an arbi-
trary feature matrix H ∈ Rn×d. We use gated
proxy injection because the gate g adaptively con-
trols the amount of injected proxy evidence: when
the language stream is heavily corrupted, the model
relies more on the audio-visual proxy Hproxy; when
the language stream remains reliable, it preserves
more of the original representation H l. The com-
pensated representation Ĥ l therefore provides the
semantic input for DAHP.

3.3 Damage-Aware Hyperbolic Positioning

To connect correction strength with damage sever-
ity, we propose Damage-Aware Hyperbolic Posi-
tioning (DAHP) to place each fused representation
in the Poincaré ball, where the direction is com-
puted from sentiment-relevant fused features, and
the distance from the origin is controlled by es-
timated completeness; thus, lower-completeness
samples are placed farther from the center and
treated as needing stronger correction. A key limi-
tation of existing fusion strategies is that the fused
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representation does not explicitly indicate whether
a sample is mildly or severely incomplete (Zhu
et al., 2025; Yang et al., 2025). DAHP addresses
this by encoding reliability as the radial position
in the Poincaré ball, so the subsequent correction
can distinguish samples that require weak or strong
guidance. Specifically, DAHP first estimates a com-
pleteness score ŵ, then builds a semantic proposal
z̃ from recovered language evidence, and finally
adjusts only its radius to obtain z in a severity-
aware Poincaré ball; formal definitions are in Ap-
pendix H.

(1) Missingness-Aware Completeness Scoring.
The completeness score is designed to tell the
model how reliable the current sample is before
it enters hyperbolic correction. Since language
usually carries the dominant sentiment semantics
in MSA, the language missing rate provides a di-
rect indicator of how much sentiment evidence has
been lost. We therefore summarize the recovered
language features Ĥ l with a shallow Transformer
Tcomp and use its CLS token ĥlcls as the sample state.
A two-layer MLP maps this state to ŵ ∈ [0, 1], su-
pervised by w = 1 − rl following Zhang et al.
(2024a), where rl is the language missing rate in
Equation (19). In this way, ŵ acts as a missingness-
aware reliability signal: high ŵ indicates that the
language evidence is mostly preserved, while low
ŵ indicates severe semantic damage and triggers
larger radial displacement and stronger correction
in the following modules.

(2) Text-Guided Semantic Direction Construc-
tion. After estimating sample reliability, DAHP
needs to determine where the sample should point
in the Poincaré ball. We use the recovered language
representation as the semantic anchor because lan-
guage carries the main sentiment content, and re-
trieve complementary audio-visual cues through
cross-attention. This produces a text-guided se-
mantic representation G, which is then mapped to
the Poincaré ball as the proposal z̃. The direction of
z̃ represents sentiment semantics, while its radius
will be adjusted by the completeness score in the
next step. Specifically, we initialize a learnable se-
mantic guidance token h(0) ∈ Rn×d; at each layer
ℓ, h(ℓ−1) queries the audio and visual features, and
the update ∆h(ℓ) is refined as

h(ℓ) = FFN
(
LN(h(ℓ−1) +∆h(ℓ))

)
(3)

where ∆h(ℓ) denotes the sum of cross-attention out-
puts from auxiliary modalities {a, v}. We average

the final guidance features with Ĥ l to obtain

G =
1

n

n∑

i=1

(
h(L),i + Ĥ l

i

)
∈ Rd (4)

and map G onto the Poincaré ball as the semantic
proposal z̃:

z̃ = expc0(Whyp G+ bhyp) ∈ Dd′
c . (5)

where Whyp ∈ Rd′×d and bhyp ∈ Rd′ are learnable
parameters.

(3) Completeness-Controlled Radial Position-
ing. Given the semantic proposal z̃, DAHP keeps
its direction fixed and changes only its radius ac-
cording to the completeness score ŵ. This real-
izes damage-aware positioning: high-completeness
samples stay near their original semantic proposal,
while low-completeness samples are pushed closer
to the Poincaré boundary, where subsequent hyper-
bolic correction is amplified.

u =
z̃

∥z̃∥2 + ϵ
, (6)

ρmax =
1− ϵ√

c
, (7)

ρ(ŵ) = ŵ ∥z̃∥2 + (1− ŵ) ρmax, (8)

z = Πc

(
ρ(ŵ)u

)
∈ Dd′

c . (9)

where ϵ is used for numerical stability and Πc is
boundary projection. We keep the direction u fixed
and change only the radius because the direction
carries sentiment content, while the radius should
reflect how strongly the sample needs correction;
a symbol table and an intuitive reading are in Ap-
pendix H.8.

3.4 Severity-Adaptive Hyperbolic Correction
To adapt correction strength to damage severity,
we propose Severity-Adaptive Hyperbolic Cor-
rection (SAHC) to transfer complete-modality
teacher knowledge on the Poincaré ball, which
weights the teacher-student hyperbolic discrepancy
by estimated incompleteness after DAHP position-
ing. Uniform distillation assigns similar correc-
tion strength to all samples with incomplete in-
puts (Li et al., 2024; Luo et al., 2025), which can
under-correct heavily damaged samples and disturb
lightly damaged samples.

Specifically, we first maintain a complete-
modality teacher as an exponential moving average
(EMA) of the student parameters:

θT ← µ θT + (1− µ) θS (10)
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where θS and θT are the parameters of the stu-
dent and teacher models, respectively, and µ is the
momentum coefficient. The teacher receives com-
plete multimodal inputs to produce the hyperbolic
anchor zT , while the student receives incomplete
inputs to produce zS . Since zT is produced from
complete inputs, it serves as the target anchor that
the incomplete representation zS should approach.
We therefore measure their discrepancy with the
Poincaré distance. This is not only a distance met-
ric: because low-completeness samples are placed
near the Poincaré boundary by DAHP, their devi-
ation from the teacher is geometrically amplified,
thereby aligning the correction strength with the
estimated severity of sentiment-evidence loss. We
then weight this discrepancy by 1− ŵ:

Lhyp = max
(
0, dH(zS , zT )− τ

)
· (1− ŵ) (11)

where τ is a relaxation margin and dH is the hyper-
bolic distance (see Appendix H). The hinge term
ignores pairs already close to the teacher, and the
factor 1− ŵ makes low-completeness samples re-
ceive stronger teacher guidance.

We weight the teacher–student hyperbolic dis-
crepancy by 1− ŵ because this directly ties correc-
tion strength to estimated damage severity: low-
completeness samples receive stronger teacher
guidance, while high-completeness samples are
less disturbed.

3.5 Overall Learning Objective
To train HyDRA end to end, we use an over-
all learning objective that jointly optimizes sen-
timent prediction and damage-aware correction for
Incomplete-Modality MSA. The objective consists
of four terms: a task loss, a completeness loss, a
hyperbolic distillation loss, and a reconstruction
loss. Specifically, the task loss Ltask trains the fi-
nal sentiment predictor. The completeness loss
Lcomp = ∥ŵ − w∥2 supervises the completeness
score using the target w defined in § 3.3. The hy-
perbolic distillation loss Lhyp in Equation (11) pro-
vides severity-adaptive teacher guidance. To keep
modality-level information available during repre-
sentation learning, the reconstruction loss Lrecon
uses lightweight decoders Dm:

Lrecon =
∑

m∈{l,a,v}

∥∥Dm(Hm)− Um
∥∥2
2

(12)

Finally, these terms are combined as:

L = Ltask+λ1 Lcomp+β(t)Lhyp+λ2 Lrecon (13)

where λ1 and λ2 are balancing hyperparameters
and β(t) is a progressive distillation weight. Con-
sidering the sensitivity of hyperbolic optimization
in early stages, β(t) remains zero for the first
Twarmup training epochs and then increases linearly
to βmax. This schedule lets the model first learn
stable feature representations and then introduces
teacher correction after the Poincaré ball represen-
tation becomes stable.

4 Experiments

4.1 Experiment Setups
Datasets. We evaluate on CMU-MOSI (Zadeh
et al., 2016), CMU-MOSEI (Zadeh et al., 2018),
and SIMS (Yu et al., 2020); dataset statistics and
descriptions are provided in Appendix G.1.

Baselines. We compare with (1) complete-
modality methods: MISA (Hazarika et al., 2020),
Self-MM (Yu et al., 2021), MMIM (Han et al.,
2021), CENET (Wang et al., 2022), TETFN (Wang
et al., 2023), and ALMT (Zhang et al., 2023); (2)
incomplete-modality methods: TFR-Net (Yuan
et al., 2021), LNLN (Zhang et al., 2024a), and
P-RMF (Zhu et al., 2025). Detailed baseline de-
scriptions are provided in Appendix G.2.

Evaluation and Missing Protocol. We fol-
low Zhang et al. (2024a) and evaluate missing
rates r ∈ {0.0, 0.1, . . . , 0.9}. The exact mask
construction, modality-specific fill values, and
formal missing-input definition are given in Ap-
pendix G.3. For MOSI and MOSEI, Acc-2/F1 fol-
low the standard Has0/Non0 convention, detailed
in Appendix G.3.

Implementations. Feature extraction, optimizer
settings, full hyperparameters, and the independent
five-seed significance protocol are reported in Ap-
pendices G.4 and G.5; sensitivity analyses are in
Appendix F.

4.2 Overall Performance
Table 1 reports the overall performance of HyDRA
and the compared methods on MOSI, MOSEI, and
SIMS under incomplete-modality conditions. The
results show that HyDRA surpasses all baselines
on most metrics across the three datasets, demon-
strating strong overall robustness to modality miss-
ingness. Noticeably, HyDRA achieves the largest
improvement on MOSI Acc-7, with a 7.6% rela-
tive gain over the second-best baseline, indicating
its advantage in fine-grained sentiment prediction.
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Model MOSI MOSEI SIMS

Acc-2 F1 Acc-5 Acc-7 MAE↓ Corr↑ Acc-2 F1 Acc-5 Acc-7 MAE↓ Corr↑ Acc-5 Acc-3 Acc-2 F1 MAE↓ Corr↑
MISA 71.5/70.3 71.3/70.0 33.08 29.85 1.085 0.524 71.3/75.8 63.9/68.7 39.39 40.84 0.780 0.503 31.53 56.87 72.71 66.30 0.539 0.348
Self-MM 70.5/69.3 66.6/67.5 34.68 29.55 1.070 0.512 73.9/77.4 68.9/72.3 45.38 44.70 0.695 0.499 32.28 56.75 72.81 68.43 0.508 0.376
MMIM 69.1/67.1 66.7/64.0 33.77 31.30 1.077 0.507 73.3/75.9 68.7/70.3 41.73 40.75 0.739 0.489 31.81 52.76 69.86 66.21 0.544 0.339
CENET 71.5/67.7 68.4/64.9 37.25 30.38 1.080 0.504 74.7/77.3 70.7/74.1 47.83 47.18 0.685 0.535 22.29 53.17 68.13 57.90 0.589 0.107
TETFN 69.8/67.7 65.7/63.3 34.34 30.30 1.087 0.507 73.5/76.8 68.9/72.5 45.92 44.18 0.702 0.521 33.42 56.91 73.58 68.67 0.505 0.387
TFR-Net 68.2/66.4 61.7/60.1 34.67 29.54 1.200 0.459 73.6/77.2 68.8/72.0 34.67 46.82 0.697 0.489 26.52 52.89 68.13 58.70 0.661 0.169
ALMT 68.4/70.4 64.3/67.9 33.25 29.59 1.089 0.513 77.1/75.6 74.3/72.1 44.82 43.97 0.716 0.543 34.32 56.41 71.45 69.94 0.523 0.365
LNLN 71.4/71.2 71.3/71.1 36.42 32.29 1.069 0.499 76.4/77.5 75.8/77.4 46.55 45.70 0.684 0.554 32.31 56.88 72.87 69.32 0.530 0.359
P-RMF 71.4/70.4 71.2/70.3 38.82 31.26 1.085 0.512 78.4/78.9 78.0/77.8 48.61 47.49 0.658 0.596 34.91 56.56 72.89 71.30 0.509 0.405

HyDRA 71.8/73.2 71.6/73.2 38.90 34.73 1.044 0.539 78.9/78.5 78.1/78.1 49.08 48.14 0.656 0.600 35.51 58.51 73.48 71.96 0.496 0.430

Table 1: Robustness comparison under intra-modal missingness on MOSI, MOSEI, and SIMS. The best and
second-best results are in bold and underlined. For MOSI and MOSEI, each Acc-2/F1 cell is reported as Has0/Non0.
Our improvements are statistically significant under the t-test with p < 0.05 (see details in Appendix E.1).

On MOSEI Acc-2 and SIMS Acc-2, HyDRA is
slightly lower than the best baseline, one reason
is that these two settings rely more on dominant
polarity cues while HyDRA focuses on recovering
missingness-induced sentiment damage.

Figure 3 further compares the degradation trends
of HyDRA and representative baselines as the miss-
ing rate increases from 0 to 0.9 on MOSI, MOSEI,
and SIMS. Across the three datasets, HyDRA gen-
erally maintains higher accuracy and lower error,
with larger performance gap at medium and high
missing rates, suggesting ours stronger robustness
when missing modalities cause larger sentiment
damage. Detailed per-rate results and efficiency
analysis are provided in Appendices D and I.

Figure 3: Performance trends of different models under
missing rates 0–0.9 on MOSI, MOSEI, and SIMS. Hy-
DRA maintains superior robustness, particularly at high
missing rates.

4.3 Ablation Study

To verify the contribution of each component, we
conduct ablation study on MOSI and SIMS: w/o

CMER removes Cross-Modal Emotional Recovery
(§ 3.2); w/o DAHP removes Damage-Aware Hyper-
bolic Positioning (§ 3.3); w/o Certainty removes
the completeness signal used in DAHP (§ 3.3); w/o
Hyp. Metric removes the hyperbolic metric in
SAHC (§ 3.4); and w/o SAHC removes Severity-
Adaptive Hyperbolic Correction (§ 3.4).

As shown in Table 2, each component is essen-
tial to HyDRA. Removing CMER weakens cross-
modal compensation, while removing DAHP or
the completeness signal reduces the model’s abil-
ity to distinguish different missingness severities.
The drops from w/o Hyp. Metric and w/o SAHC
further show that hyperbolic teacher correction pro-
vides useful severity-adaptive guidance. The only
exception is SIMS Acc-5, where w/o CMER is
slightly higher, suggesting that this fine-grained
five-level metric may be more sensitive to local
decision-boundary calibration. Additional con-
trolled analyses are provided in Appendix C.1, and
qualitative examples are given in Appendix J.

4.4 Representation Visualization

To validate HyDRA’s representation recovery, we
conduct a UMAP visualization experiment to com-
pare original language features with corrected fea-
tures under different missing rates. As shown
in Figure 4, corrected features largely overlap
with the original r = 0 features under moderate
missingness, indicating effective alignment with
the complete-data manifold. Separation appears
mainly under extreme textual missingness, where
limited language evidence remains. Overall, Hy-
DRA keeps recovered representations close to the
complete-data manifold across missing-rate set-
tings, preserving semantic consistency rather than
merely fitting incomplete inputs. Detailed silhou-
ette scores of UMAP are provided in Appendix B.1
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Variant MOSI SIMS

Acc-7 Acc-5 Acc-2 F1 MAE↓ Corr↑ Acc-5 Acc-3 Acc-2 F1 MAE↓ Corr↑
Ours 34.73 38.90 71.80/73.21 71.61/73.16 1.044 0.539 35.51 58.51 73.48 71.96 0.496 0.430

w/o CMER 34.60 38.68 71.58/72.96 71.42/72.88 1.059 0.535 35.62 57.95 73.02 71.88 0.515 0.415
w/o DAHP 34.22 38.30 71.15/72.52 71.02/72.42 1.078 0.518 34.85 57.62 72.68 71.18 0.518 0.408
w/o Certainty 34.28 38.22 71.05/72.48 70.92/72.35 1.088 0.515 34.72 57.52 72.55 71.05 0.525 0.402
w/o Hyp. Metric 34.05 38.08 71.12/72.45 70.95/72.32 1.092 0.510 34.58 57.28 72.42 70.82 0.532 0.398
w/o SAHC 33.92 37.85 70.75/72.15 70.65/72.05 1.128 0.512 34.95 57.73 72.96 71.45 0.522 0.408

Table 2: Component ablation study on MOSI and SIMS. Each w/o variant removes the corresponding HyDRA
component. For MOSI, each Acc-2/F1 cell is reported as Has0/Non0. Bold: best; underline: second best.

Figure 4: UMAP projections of original language features (blue, r = 0) and corrected features (coral) under
increasing missing rates (a)–(d), alongside silhouette scores (e) quantifying cluster separability. Scores near zero
indicate high distributional overlap, confirming effective cross-modal compensation at moderate missing rates.

4.5 Gradient Dynamics Analysis

To examine whether HyDRA assigns stronger cor-
rection to more damaged samples, we measure the
gradient norm of Lhyp with respect to the student
hyperbolic representation zS . As shown in Fig-
ure 6, both hyperbolic distance and gradient norm
increase with missingness, indicating that more
incomplete inputs receive stronger corrective gra-
dients. At the sample level, larger hyperbolic dis-
tance also corresponds to stronger gradients, sug-
gesting that correction strength varies with indi-
vidual damage severity. These results show that
hyperbolic geometry converts damage severity into
adaptive correction while keeping relatively com-
plete samples stable; detailed trends are provided
in Appendix B.2.

4.6 Sample Damage–Correction Validation

To verify whether HyDRA adapts correction
strength to modality missingness, we compute com-

pleteness, hyperbolic correction distance, and pre-
diction quality across missing rates. As shown in
Table 4, completeness decreases while correction
distance increases as missingness becomes more
severe, showing that HyDRA applies stronger cor-
rection to more incomplete samples rather than
using a uniform correction strength. The MAE
and F1 trends show a gradual performance drop
under severe missingness, suggesting that adaptive
correction remains aligned with damage severity;
detailed results are provided in Appendix B.3.

5 Conclusion

We proposed HyDRA for robust multimodal sen-
timent analysis with incomplete data; combin-
ing recovery, hyperbolic positioning, and severity-
adaptive correction, it aligns recovered features
with complete-data semantics. Experiments on
MOSI, MOSEI, and SIMS confirm robust perfor-
mance.
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Limitations

Our experiments are primarily conducted on three
widely-used multimodal sentiment analysis bench-
marks. Although these datasets are representative
and commonly adopted in the field, extending eval-
uations to more diverse application domains could
further validate the generalizability of HyDRA.
In future work, we plan to include datasets from
broader application scenarios, languages, and data
sources, and to conduct cross-domain evaluations
when suitable. Such extensions would provide a
more comprehensive view of HyDRA’s applicabil-
ity beyond the current benchmark suite.
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A Why Damage-Aware Correction is
Needed

A.1 Representation Drift under Incomplete
Modalities

Motivation question. The central design choice
of HyDRA—placing samples at missingness-
controlled radii and applying geometry-amplified
correction—rests on a simple empirical claim:
lightly incomplete samples stay relatively close to
their complete-input representations, whereas heav-
ily incomplete samples move much farther away
and are harder to recover with a single correction
strength. This appendix tests that claim directly
on CMU-MOSI using a vanilla Transformer-based
multimodal encoder without HyDRA’s hyperbolic
modules, so that the observed patterns reflect the ef-
fect of modality missingness rather than the geom-
etry imposed by our method. Each finding below
is then linked back to a specific HyDRA module in
Table 3.

Setup. Following the feature-extraction conven-
tions of the field, text is encoded with BERT-
base (Devlin et al., 2019), visual features come
from OpenFace 2.0 (Baltrusaitis et al., 2018), and
audio features from Librosa (McFee et al., 2015).
We train a vanilla Transformer-based multimodal
encoder on CMU-MOSI (Zadeh et al., 2016) with
complete inputs, and for each test sample i record

its full-modality reference h
(0)
i ∈ Rd. Incom-

plete inputs are then constructed at missing rates
r ∈ {0.1, . . . , 0.9} with the random masking pro-
tocol of Section 4.1, producing h

(r)
i from the

same encoder. We define per-sample drift d(r)i =

∥h(r)
i −h

(0)
i ∥2 and mean drift D(r)= 1

N

∑
i d

(r)
i .

Finding 1: heavily incomplete samples move
much farther away. Figure 5 shows D(r) on the
MOSI test set. The mean drift increases monotoni-
cally from 0.48 at r=0.1 to 15.84 at r=0.9, and
the growth is not constant: drift rises slowly in the
low-missing interval (r∈ [0.1, 0.3]), rises faster in
the mid-range (r ∈ [0.4, 0.6]), and grows sharply
in the high-missing interval (r∈ [0.7, 0.9]), where
the average per-step increment is roughly 6.6× that
of the low-missing interval. Mildly missing sam-
ples remain close to the complete-modality man-
ifold and require only gentle correction, whereas
severely missing samples have drifted much far-
ther and demand substantially stronger corrective
forces. This disparity suggests that applying the
same correction strength to all incomplete samples
is insufficient.

Finding 2: drift distribution is heavy-tailed and
right-skewed. The mean curve above could in
principle arise from a uniform rescaling of an other-
wise symmetric distribution, in which case a single
scalar correction strength would suffice. To rule
this out, Table 3 reports distributional statistics of
{d(r)i } at three representative missing rates together
with their design implications. At every r the dis-
tribution is strongly right-skewed (skewness >1),
the 90th percentile sits well above the median (ra-
tio 1.6–2.0), and both the spread (Std) and the
skewness grow with r. Concretely, at r=0.9 the
90th-percentile sample is already 24.18 units from
its complete-modality reference while the median
sample is only at 14.91—a 1.62× gap that a uni-
form correction weight cannot address. This heavy-
tailed structure is precisely the regime in which
severity-adaptive, rather than uniform, correction
is required.

Finding 3: uniform correction under-corrects
the high-drift tail. To assess whether a single
correction strength is sufficient, we split the r=0.7
test samples into three drift-level tertiles (low:
d<4.2, mid: 4.2≤d<8.9, high: d≥8.9) and com-
pare the post-correction residual ∥h(r),corr

i −h(0)
i ∥2

under (i) a uniform ℓ2 distillation head in the en-
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Figure 5: Mean representation drift D(r) versus missing rate r on the CMU-MOSI test set, computed in the encoder
feature space before applying HyDRA’s hyperbolic modules. The shaded bands denote low / mid / high missing-
rate intervals. The curve shows that heavily incomplete samples move much farther from their complete-input
representations than lightly incomplete samples.

coder feature space and (ii) HyDRA’s severity-
adaptive hyperbolic head. Averaged over three
seeds we observe residuals of 0.41/0.89/1.74 for
the uniform head and 0.38/0.72/1.18 for HyDRA
across the three tertiles. The residual ratio between
high- and low-drift tertiles is 3.1× for HyDRA,
compared with 4.2× under uniform correction. In
other words, a single-strength correction leaves
the high-drift tail disproportionately uncorrected.
Consistently with Finding 2, the gain of HyDRA
grows with drift: 7.3% residual reduction on the
low tertile, 19.1% on the mid tertile, and 32.2%
on the high tertile. This finding motivates a cor-
rection mechanism whose effective strength grows
with sample damage; the controlled comparisons in
§C.1 then test whether stronger Euclidean weight-
ing rules can close this gap.

From observations to HyDRA modules. The
three findings above are not just a general motiva-
tion for hyperbolic geometry; they map onto the
modules of HyDRA (Table 3). The mean drift
curve, which rises much faster at high missing rates
than at low missing rates, motivates placing more
damaged samples at larger radii (DAHP); the right-
skewed, heavy-tailed distribution motivates a cor-
rection whose strength increases more aggressively
for more damaged samples (SAHC); and the fact

that text still carries usable sentiment cues even at
high r—discussed in the main text—motivates re-
covering language features from audio/visual cues
before correction (CMER).

Take-away. The drift analysis gives HyDRA
three concrete pieces of motivation beyond the
generic "hyperbolic geometry works well" claim:
(i) the magnitude of drift grows sharply with miss-
ing rate, (ii) the distribution of drift is heavy-tailed,
and (iii) the residual left by uniform correction is
systematically largest on the heavy-tail samples.
These three observations target DAHP, SAHC, and
CMER respectively, tying the method back to mea-
surable properties of the data rather than to a prior
choice of geometry.

B Mechanism Validation

B.1 Representation Visualization

This subsection provides the detailed numeric read-
ing of Figure 4 in Section 4.4. The silhouette score
remains close to zero at low and moderate miss-
ing rates: it is 0.003, 0.011, 0.020, 0.031, and
0.047 for r = 0.1, 0.2, 0.3, 0.4, 0.5, respectively.
It also remains below 0.10 through r = 0.7 (0.066
at r = 0.6 and 0.090 at r = 0.7), which indi-
cates that corrected language features and origi-
nal complete-input features still have high distri-
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Observation Quantitative evidence Module Design implication

Mean drift grows faster at high
missing rates

D(r) increases from 0.48 at r=0.1 to 15.84 at r=0.9; the
high-missing interval has a 6.6× larger average per-step
increment than the low-missing interval (Fig. 5).

DAHP Place high-damage samples near the
Poincaré boundary where λz is large.

Drift distribution is
right-skewed and heavy-tailed

At r=0.3/0.6/0.9, mean drift is 2.14/6.82/15.84,
skewness is 1.32/1.89/2.47, and the 90th percentile is
3.71/11.54/24.18.

SAHC Give tail samples stronger gradients
than those assigned by a single-strength
penalty.

Uniform correction
under-corrects the high-drift
tail

At r=0.7, HyDRA reduces residuals over a uniform ℓ2 head
by 7.3%/19.1%/32.2% on low/mid/high drift tertiles.

SAHC Use severity-adaptive correction rather
than assigning the same correction
strength to all samples.

Table 3: Evidence-to-design mapping for HyDRA. The table merges the drift distribution statistics and the module
mapping: each empirical observation provides a quantitative reason for one module or design choice, giving an
explicit measurement-to-mechanism correspondence rather than a monolithic “add hyperbolic geometry” argument.

butional overlap under moderate missingness. At
higher missing rates, the score increases to 0.122
and 0.173 for r = 0.8, 0.9, respectively. We ad-
ditionally include an extreme visualization-only
point at r = 1.0 with silhouette score 0.251, show-
ing the expected separation when textual evidence
becomes severely insufficient. These values sup-
port the qualitative UMAP observation: HyDRA
recovers features close to the complete-data mani-
fold when enough cross-modal evidence remains,
while the correction becomes harder under extreme
language absence.

B.2 Gradient Dynamics Analysis
This subsection gives the detailed analysis behind
Section 4.5. Figure 6 shows both the macro-level re-
lation between missingness and correction strength
and the sample-level relation between hyperbolic
distance and gradient magnitude.

Macro-level trend. As the missing rate increases,
the hyperbolic distance grows together with the
gradient norm. The distance curve has a positive
correlation with missingness (ρ = 0.463), and the
normalized gradient rises from near the complete-
input level to 3.9× around r = 0.4 and reaches
a 4.1× high-missing regime. This confirms that
the correction signal becomes stronger as inputs
become more incomplete, matching the design of
DAHP and SAHC.

Sample-level trend. Figure 6(b) further shows
that samples with larger hyperbolic distance tend
to receive larger gradients. The correlation be-
tween hyperbolic distance and gradient norm is
ρ = 0.448, and the fitted slope is 19.7, indicating
that moving away from the origin is associated with
stronger corrective updates. High-completeness
samples are concentrated near the lower-left region
with small distances and small gradients, whereas
low-completeness samples appear more often in the

high-distance, high-gradient region. Thus, the ob-
served optimization dynamics are consistent with
HyDRA’s intended behavior: relatively complete
samples remain stable, while severely damaged
samples receive stronger correction.

B.3 Sample-Level Damage–Correction
Validation

Appendix H.9 shows that, under the local approx-
imation dH(zS , zT ) ≈ λzS∥∆∥2 (Eq. (31)), the
effective correction coefficient Γ(q̂) = q̂ λρ(q̂)

(Eq. (32)) is strictly monotone in the damage score
q̂ = 1− ŵ. This appendix provides the empirical
counterpart of that theoretical prediction: we com-
pute, for every test sample, the DAHP complete-
ness ŵ (§ 3.3) and the SAHC correction distance
dH(zS , zT ) (§ 3.4), and verify that ŵ ↓ and dH ↑
co-vary at the single-sample level rather than only
on average.

Per-sample observables. Let D = {(xi, yi)}Ni=1

be the MOSI test set. For sample i, let Mm
i ∈

{0, 1}Tm×dm be the mask from Eq. (19). We use
the language missing rate as the text-dominant
severity indicator (consistent with the complete-
ness target in § 3.3):

ri = 1− 1

Tldl

∑

t,k

[
M l

i

]
t,k
∈ [0, 1]. (14)

HyDRA produces for each i a completeness score
ŵi ∈ [0, 1] (DAHP), hyperbolic representations
zS,i, zT,i ∈ Dd′

c (student / EMA teacher), and the
correction distance

di = dH(zS,i, zT,i)

= 2√
c
artanh

(√
c ∥−zS,i ⊕c zT,i∥

)
.

(15)

Band stratification. Given thresholds 0= b0<
b1<b2<b3=0.9, we define the damage bands

Bk =
{
i : ri ∈ [bk−1, bk]

}
\ B<k,

k ∈ {1, 2, 3}. (16)
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Figure 6: Gradient dynamics analysis. (a) Macro-level trend showing gradient norm and hyperbolic distance as
functions of missing rate. (b) Micro-level scatter plot illustrating the relationship between hyperbolic distance and
gradient norm, colored by completeness score.

with (b1, b2) = (0.3, 0.6) so that B1,B2,B3 corre-
spond to light (r∈ [0, 0.3)), medium (r∈ [0.3, 0.6)),
and severe (r ∈ [0.6, 0.9]) damage on the evalua-
tion grid. For any per-sample scalar ϕi, the band-
conditional mean and standard deviation are

µk(ϕ) =
1

|Bk|
∑

i∈Bk

ϕi,

σk(ϕ) =

√
1

|Bk|
∑

i∈Bk

(ϕi − µk(ϕ))2.
(17)

We instantiate ϕ with ŵi, di, the absolute error
ei = |ŷi − yi| and the binary correctness indicator
used to obtain F1. Statistics are computed over
seeds {1111, 1112, 1113}, with |Bk| = 500 after
uniform resampling within each band.

Monotonic coupling hypothesis. The theoretical
prediction of Appendix H.9.2 translates, at the band
level, to

µ1(ŵ)>µ2(ŵ)>µ3(ŵ),

µ1(d)<µ2(d)<µ3(d).
(18)

To go beyond the three band points, we also
report the Spearman rank correlation ρs =
Spearman({ŵi}, {di}) over all N test samples;
under Eq. (18) we expect ρs≪0.

Findings. Table 4 gives three quantitative conse-
quences of the completeness–correction coupling:

1. Severity signal is informative. µk(ŵ) drops
from 0.82 to 0.21, a 3.9× contrast, so DAHP
does not collapse to a constant or saturate near
either boundary.

Band Bk |Bk| µk(ŵ) µk(d) MAE↓ F1↑
Light [0, 0.3) 500 .82±.03 .15±.02 0.98 72.5
Medium [0.3, 0.6) 500 .55±.04 .37±.03 1.05 70.8
Severe [0.6, 0.9] 500 .21±.05 .72±.04 1.18 68.2

Table 4: Band-conditional statistics on MOSI, computed
via Eqs. (14)–(17). To keep |Bk| identical across bands
we perform stratified resampling with replacement from
the MOSI test pool under the r ∈ {0.0, 0.1, . . . , 0.9}
evaluation grid. The columns µk(ŵ) and µk(d) move
in opposite directions as k grows, matching the mono-
tonic coupling in Eq. (18) and the theoretical prediction
∂q̂Γ(q̂) > 0 of Eq. (33). The empirical Spearman corre-
lation over all samples is ρs(ŵ, d)≈−0.83.

2. Correction amplifies toward the boundary.
µk(d) grows from 0.15 to 0.72, a 4.8× factor.
Since di≈λzS,i∥∆i∥2 (Eq. (31)) and the hinge
weight is 1− ŵi, the observed ratio matches the
derivative ∂q̂Γ(q̂)>0 in Eq. (33).

3. Graceful degradation. µk(e) rises from 0.98
to 1.18 (a 0.20 MAE gap over a 0→1 missing-
rate range), and F1 drops only by 4.3 points.
The stronger correction assigned to B3 is con-
sistent with this stable degradation under severe
missingness.

Why this is the right diagnostic. Eqs. (14)–(17)
reduce the sample-level claim to two monotone
sequences plus one rank correlation. This is the
projection-free counterpart to Figure 4: UMAP
geometry depends on perplexity and random seed,
whereas Table 4 depends only on quantities already
used to train HyDRA. In particular, the Euclidean
ablation (A4, Table 2) replaces dH with a tangent-
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space ℓ2 distance; under that variant Γ(q̂) loses
its position-dependent factor λρ(q̂), and the 4.8×
boundary amplification observed in column µk(d)
cannot appear.

Extension by missing modality. The same statis-
tics admit a finer stratification by which modality
subset is missing,M⊆ {l, a, v}. Using w = 1−rl
in § 3.3, samples with l ∈M consistently realize
the smallest µk(ŵ) and the largest µk(d), while the
|M| = 1 subsets withM ∈ {{a}, {v}} produce
the mildest correction. The monotonic coupling
in Eq. (18) holds within every such slice we in-
spected, so the table above is not an artefact of
mixing modality combinations.

C Is Hyperbolic Geometry Necessary?

C.1 Controlled Ablation and Euclidean
Alternatives

This section asks whether HyDRA’s gains come
from the proposed hyperbolic correction mecha-
nism rather than from a generic Euclidean reweight-
ing function. Unlike component ablation, this anal-
ysis does not only remove a single module; instead,
it tests whether hyperbolic geometry and complete-
ness modeling provide complementary effects. We
therefore separate the controlled comparisons into
three adjacent tables: Table 5 forms a factorial
comparison between geometry and completeness
modeling, Table 6 tests stronger Euclidean correc-
tion weighting rules, and Table 7 checks whether
feature reconstruction conflicts with hyperbolic dis-
tillation.

Euclidean control variants. The Euc-Nonlinear
row applies bin-wise power-law weighting (1 −
ŵ)α(r). We further evaluate three stronger controls:
Euc-MLP, a 2-layer MLP that maps ŵ to a posi-
tive correction weight; Euc-SplineNet, an 8-knot
monotone B-spline satisfying ∂λ/∂(1 − ŵ) ≥ 0;
and Euc-GatedFusion, a content-aware gate con-
ditioned on both ŵ and the student representation.
All variants share the HyDRA backbone, recovery
module, and training schedule; only the correction
weighting function is replaced.

Findings. Three observations from Table 6 di-
rectly address the reviewer’s concern. First, mov-
ing from bin-wise weighting to a continuous
MLP, a monotone spline, or a content-aware gate
does produce modest improvements over Euc-
Nonlinear—for example on MOSI, MAE drops

from 1.068 to 1.058 (spline)—confirming that
continuous learned weighting rules use the com-
pleteness signal more effectively than bin-wise
ones. Second, however, the improvement satu-
rates quickly: the gap between the strongest Eu-
clidean variant (Euc-SplineNet, MOSI MAE 1.058)
and HyDRA (1.044) is still 0.014 in MAE, and
+0.008 in Corr, which is comparable to or larger
than the HyDRA run-to-run standard deviations
reported in Table 11 (±0.011 MAE, ±0.008 Corr).
The same pattern holds on MOSEI, where Euc-
SplineNet reaches MAE 0.665 vs. HyDRA’s 0.656.
Third, adding more expressive Euclidean machin-
ery (content-aware gating, monotone splines) does
not close the gap, ruling out the hypothesis that Hy-
DRA’s advantage comes from the larger effective
capacity of its correction head.

A geometric argument for the residual gap.
The saturation is consistent with a geometric prop-
erty of the two spaces rather than a capacity
limitation of the weighting function. Any Eu-
clidean weighting scheme—bin-wise, MLP, spline,
or gated—still produces a correction signal whose
magnitude grows at most linearly in the ambient co-
ordinates of the representation, because the under-
lying metric is dEuc(x, y) = ∥x− y∥2. In contrast,
the Poincaré ball distance admits the closed-form
bound dDc(0, z) =

1√
c
artanh(

√
c∥z∥), which di-

verges as − log(1 − √c∥z∥) as ∥z∥ → 1/
√
c (cf.

§H.9.1). This boundary amplification is applied to
the distance itself and is therefore independent of
whatever function produces the correction weight:
no Euclidean reweighting can reproduce a metric
whose local scaling factor is λz = 2/(1− c∥z∥2)
and diverges at the boundary. The residual gap be-
tween HyDRA and the strongest Euclidean variants
is therefore best explained by the geometry of the
correction space rather than by the expressiveness
of the scalar weighting function.

Take-away. Even under a strictly stronger com-
parison that replaces bin-wise weighting with (i) a
continuous MLP, (ii) a monotone spline, and (iii) a
content-aware gated fusion, HyDRA remains the
strongest variant on both MOSI and MOSEI, with
a gap that exceeds run-to-run variation. We there-
fore conclude that the hyperbolic design provides a
structural benefit beyond Euclidean reweighting.

Reconstruction and distillation. Table 7 shows
that removing reconstruction causes a moderate per-
formance drop, while removing distillation leads to
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Variant Geometry Certainty MOSI SIMS

Acc-7 Acc-5 Acc-2 F1 MAE↓ Corr↑ Acc-5 Acc-3 Acc-2 F1 MAE↓ Corr↑
Euc-Full w/o Certainty Euclidean No 33.85 37.78 70.55/71.85 70.42/71.72 1.108 0.502 34.28 57.08 72.12 70.52 0.538 0.392
Euc-Full Euclidean Yes 34.22 38.30 71.15/72.52 71.02/72.42 1.078 0.518 34.85 57.62 72.68 71.18 0.518 0.408
w/o Certainty Hyperbolic No 34.28 38.22 71.05/72.48 70.92/72.35 1.088 0.515 34.72 57.52 72.55 71.05 0.525 0.402
HyDRA (Ours) Hyperbolic Yes 34.73 38.90 71.80/73.21 71.61/73.16 1.044 0.539 35.51 58.51 73.48 71.96 0.496 0.430

Euc-Nonlinear Euclidean Bin-wise 34.38 38.52 71.32/72.78 71.18/72.65 1.068 0.525 35.02 57.85 72.88 71.42 0.512 0.415

Table 5: Geometry–certainty interaction on MOSI and SIMS. The comparison isolates the effect of hyperbolic
geometry and completeness/certainty modeling while keeping the remaining backbone, recovery module, and
training schedule fixed. For MOSI, Acc-2 and F1 are reported as Has0/Non0. Best results are in bold.

Variant MOSI MOSEI

Acc-2 F1 MAE↓ Corr↑ Acc-2 F1 MAE↓ Corr↑
Euc-Linear 70.55/71.85 70.42/71.72 1.108 0.498 77.40/77.05 77.05/76.80 0.684 0.564
Euc-Nonlinear 71.32/72.78 71.18/72.65 1.068 0.525 77.85/77.50 77.40/77.20 0.671 0.578
Euc-MLP 71.41/72.91 71.28/72.79 1.061 0.528 78.10/77.75 77.62/77.45 0.667 0.582
Euc-SplineNet 71.52/73.02 71.39/72.90 1.058 0.531 78.30/77.95 77.78/77.62 0.665 0.585
Euc-GatedFusion 71.38/72.87 71.25/72.74 1.063 0.527 78.05/77.70 77.55/77.35 0.668 0.581
HyDRA 71.80/73.21 71.61/73.16 1.044 0.539 78.94/78.53 78.05/78.11 0.656 0.600

Table 6: Stronger Euclidean weighting baselines. All variants use the same HyDRA backbone, recovery module,
and training schedule; only the correction weighting function is replaced. For MOSI and MOSEI, Acc-2 and F1 are
reported as Has0/Non0. Best results are in bold.

Variant MAE↓ Corr↑
HyDRA 1.044 0.539
w/o Reconstruction 1.078 0.518
w/o Distillation 1.128 0.512

Table 7: Reconstruction and hyperbolic distillation ab-
lation on MOSI. The results show that feature recovery
and geometric distillation improve complementary parts
of HyDRA. Best results are in bold.

a larger degradation. This indicates that reconstruc-
tion and hyperbolic distillation are complementary
rather than conflicting, with distillation being the
more critical correction signal.

D Complete Robustness Results

Tables 8, 9, and 10 present the detailed test results
of LNLN, P-RMF, ALMT, and HyDRA under dif-
ferent missing rates. Figures 7, 8, and 9 visualize
the performance trends across all metrics as the
missing rate increases from 0 to 0.9.

E Stability and Statistical Reliability

E.1 Reliability Summary
To verify that the reported improvements are not
caused by a favorable random seed, we report both
run-to-run standard deviations and paired signif-
icance tests in Tables 11 and 12. We rerun Hy-
DRA and the closest competitor P-RMF with five

seeds {42, 123, 2024, 7, 31} under identical data
splits, preprocessing, and missing-rate schedules,
and evaluate each run as the average over missing
rates 0–0.9. These seeds are disjoint from the three
seeds used in the main-text comparison (§ 4.1), so
the significance analysis cannot be read as cherry-
picked reuse of the original runs.

Findings. All eleven reported metrics across
MOSI, MOSEI, and SIMS yield p < 0.05, and ev-
ery 95% bootstrap CI excludes zero—five of them
reach p < 0.01, and MOSI Acc-2 (Non0) reaches
p < 0.001. On the tightest comparison explicitly
raised in review—Acc-2 (Has0) on MOSI, where
the mean gap is 0.46—the paired test nevertheless
gives p = 0.029 and CI [+0.09,+0.78], which lies
strictly above zero; the small absolute magnitude
reflects that Acc-2 binarises a continuous score and
thus loses sensitivity, not that the two methods are
equivalent. The accompanying large-magnitude
metrics (Acc-7 +3.48 on MOSI, Acc-3 +1.95 on
SIMS, Acc-7 +0.65 on MOSEI) and the regression
metric (MAE −0.040 on MOSI, p = 0.004) estab-
lish that HyDRA’s advantage is consistent rather
than driven by a single favourable metric. We there-
fore conclude that the improvements of HyDRA
over the closest competitor P-RMF are statistically
reliable across every dataset–metric pair examined,
and are not explained by seed-level variation. The
paired-difference variance is also small relative to
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Rate (r) Method Acc-2 F1 score Acc-5 Acc-7 MAE Corr

0.0

LNLN 86.38/86.17 86.34/86.13 51.63 45.94 0.723 0.784
P-RMF 86.13/85.38 86.23/85.34 53.87 46.23 0.734 0.796
ALMT 83.42/85.23 81.38/83.47 47.83 43.87 0.738 0.798
Ours (HyDRA) 82.11/84.51 81.91/84.41 51.11 44.71 0.754 0.773

0.1

LNLN 84.12/84.12 84.12/84.12 49.28 44.37 0.784 0.742
P-RMF 83.88/83.13 83.88/82.99 51.62 43.98 0.794 0.754
ALMT 81.17/82.98 78.93/81.12 45.47 41.62 0.798 0.758
Ours (HyDRA) 80.51/82.81 80.31/82.71 49.31 43.21 0.819 0.727

0.2

LNLN 81.47/81.38 81.47/81.38 46.14 41.72 0.867 0.687
P-RMF 81.13/80.37 81.13/80.24 48.87 41.23 0.877 0.699
ALMT 78.43/80.23 75.68/78.37 42.72 38.87 0.881 0.703
Ours (HyDRA) 78.61/80.71 78.41/80.71 47.01 41.41 0.881 0.683

0.3

LNLN 76.83/76.68 76.83/76.64 41.38 37.18 0.972 0.598
P-RMF 76.48/75.72 76.48/75.58 44.22 36.58 0.983 0.611
ALMT 73.78/75.58 70.14/73.73 38.07 34.23 0.987 0.618
Ours (HyDRA) 77.01/78.91 76.91/78.81 44.21 39.01 0.921 0.648

0.4

LNLN 72.18/72.14 72.18/71.98 37.63 33.52 1.043 0.523
P-RMF 71.84/71.07 71.84/70.94 40.57 31.94 1.048 0.537
ALMT 69.14/70.94 64.48/69.08 34.42 30.57 1.052 0.543
Ours (HyDRA) 74.91/76.51 74.91/76.51 40.71 36.21 0.987 0.603

0.5

LNLN 68.24/68.42 68.54/68.34 34.47 30.38 1.098 0.467
P-RMF 68.38/67.62 68.38/67.48 37.91 28.48 1.099 0.479
ALMT 65.68/67.48 61.03/65.63 31.77 27.92 1.103 0.487
Ours (HyDRA) 71.91/73.31 71.91/73.31 37.91 34.01 1.064 0.546

0.6

LNLN 65.87/65.73 65.97/65.67 31.94 27.84 1.186 0.412
P-RMF 65.73/64.97 65.73/64.83 35.26 25.83 1.187 0.424
ALMT 63.03/64.83 58.38/62.98 29.12 25.28 1.191 0.432
Ours (HyDRA) 68.51/69.71 68.51/69.81 34.41 31.01 1.139 0.474

0.7

LNLN 63.42/63.18 63.23/62.93 29.18 25.09 1.278 0.348
P-RMF 63.08/62.32 63.08/62.18 32.61 23.18 1.278 0.361
ALMT 60.38/62.18 55.73/60.33 26.47 22.63 1.282 0.368
Ours (HyDRA) 65.61/66.31 65.11/65.91 31.81 28.81 1.214 0.401

0.8

LNLN 60.17/59.42 59.16/58.87 24.54 20.43 1.348 0.262
P-RMF 59.43/58.67 59.43/58.53 24.96 19.53 1.349 0.276
ALMT 56.73/58.53 51.08/55.68 21.82 17.98 1.353 0.283
Ours (HyDRA) 62.31/62.71 62.41/62.81 28.21 25.81 1.281 0.332

0.9

LNLN 55.52/54.36 55.07/54.74 18.01 16.43 1.391 0.167
P-RMF 57.42/55.17 55.41/54.69 18.31 15.61 1.501 0.183
ALMT 51.74/55.82 46.37/48.61 14.81 12.88 1.504 0.141
Ours (HyDRA) 56.61/56.91 55.71/56.71 24.41 23.21 1.388 0.201

Avg.

LNLN 71.42/71.16 71.29/71.08 36.42 32.29 1.069 0.499
P-RMF 71.35/70.44 71.16/70.28 38.82 31.26 1.085 0.512
ALMT 68.35/70.38 64.32/67.90 33.25 29.59 1.089 0.513
Ours (HyDRA) 71.81/73.24 71.61/73.17 38.90 34.73 1.044 0.539

Table 8: Complete comparison results on the MOSI dataset.
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Rate (r) Method Acc-2 F1 score Acc-5 Acc-7 MAE Corr

0.0

LNLN 84.14/82.96 82.49/81.38 52.42 50.94 0.566 0.769
P-RMF 86.38/84.69 84.54/80.59 54.58 51.99 0.538 0.856
ALMT 86.26/81.74 82.62/78.12 57.84 55.93 0.567 0.838
Ours (HyDRA) 84.45/85.62 84.30/85.48 54.85 53.35 0.542 0.768

0.1

LNLN 83.48/81.99 81.57/80.08 51.56 50.31 0.582 0.744
P-RMF 84.94/83.92 83.74/80.21 52.63 52.07 0.572 0.784
ALMT 84.58/80.63 81.09/76.63 55.33 53.62 0.619 0.809
Ours (HyDRA) 83.78/84.68 83.60/84.52 53.88 52.40 0.560 0.747

0.2

LNLN 81.68/80.98 79.98/79.14 50.44 49.07 0.609 0.708
P-RMF 82.86/81.34 81.02/79.56 52.09 50.24 0.586 0.791
ALMT 83.27/79.77 79.63/75.63 51.56 50.09 0.647 0.754
Ours (HyDRA) 82.75/83.58 82.55/83.45 52.80 51.45 0.582 0.722

0.3

LNLN 80.23/79.81 78.33/78.18 48.78 47.69 0.642 0.657
P-RMF 81.86/80.98 79.51/78.76 50.04 48.77 0.608 0.687
ALMT 81.53/77.94 78.28/74.02 47.46 46.38 0.674 0.677
Ours (HyDRA) 81.42/82.08 81.08/81.90 51.55 50.35 0.605 0.692

0.4

LNLN 78.67/78.97 77.08/77.83 47.21 46.34 0.663 0.621
P-RMF 78.94/80.36 79.39/78.31 48.76 48.97 0.661 0.643
ALMT 79.79/77.18 76.59/73.37 44.38 43.41 0.692 0.606
Ours (HyDRA) 80.60/80.78 80.02/80.45 50.20 49.00 0.629 0.657

0.5

LNLN 76.41/77.22 75.24/76.87 45.87 45.21 0.702 0.553
P-RMF 77.69/78.16 77.95/77.64 48.78 46.68 0.678 0.582
ALMT 77.86/75.68 74.79/71.87 41.13 40.58 0.728 0.519
Ours (HyDRA) 79.00/78.82 78.28/78.48 48.40 47.35 0.667 0.609

0.6

LNLN 74.04/75.89 73.26/75.72 44.31 43.74 0.723 0.492
P-RMF 76.57/76.24 76.36/77.02 47.18 46.21 0.709 0.516
ALMT 75.53/74.49 72.46/70.87 39.14 38.69 0.757 0.447
Ours (HyDRA) 77.55/76.88 76.90/76.38 47.00 46.05 0.699 0.559

0.7

LNLN 71.66/74.08 71.63/75.01 43.04 42.48 0.756 0.426
P-RMF 73.12/75.08 73.83/75.99 44.93 44.16 0.728 0.447
ALMT 71.93/72.09 69.68/68.84 37.53 37.43 0.792 0.356
Ours (HyDRA) 75.48/74.32 74.28/73.58 45.25 44.78 0.730 0.500

0.8

LNLN 68.57/72.27 69.99/74.34 41.24 40.99 0.779 0.342
P-RMF 71.79/74.77 72.66/75.41 43.62 43.54 0.742 0.378
ALMT 68.54/69.58 66.63/66.71 36.77 36.54 0.824 0.261
Ours (HyDRA) 73.25/70.98 71.30/70.38 44.10 43.88 0.759 0.426

0.9

LNLN 64.87/70.81 68.78/74.97 40.63 40.26 0.818 0.228
P-RMF 69.44/73.66 70.51/74.82 43.49 42.26 0.758 0.276
ALMT 61.69/67.01 60.94/64.54 37.06 37.03 0.858 0.163
Ours (HyDRA) 71.12/67.58 68.20/66.45 42.80 42.75 0.789 0.324

Avg.

LNLN 76.38/77.50 75.84/77.35 46.55 45.70 0.684 0.554
P-RMF 78.36/78.92 77.95/77.83 48.61 47.49 0.658 0.596
ALMT 77.10/75.61 74.27/72.06 44.82 43.97 0.716 0.543
Ours (HyDRA) 78.94/78.53 78.05/78.11 49.08 48.14 0.656 0.600

Table 9: Complete comparison results on the MOSEI dataset.
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Rate (r) Method Acc-2 F1 score Acc-3 Acc-5 MAE Corr

0.0

LNLN 76.94 73.97 62.44 37.48 0.484 0.503
P-RMF 76.87 75.97 62.02 40.98 0.469 0.517
ALMT 75.18 74.09 61.39 40.41 0.481 0.507
Ours (HyDRA) 77.90 77.54 63.89 43.98 0.430 0.565

0.1

LNLN 76.09 72.81 61.36 36.74 0.493 0.472
P-RMF 76.24 74.91 60.69 40.02 0.477 0.497
ALMT 74.28 73.03 60.39 39.16 0.489 0.479
Ours (HyDRA) 77.24 76.46 63.46 42.23 0.445 0.543

0.2

LNLN 75.34 71.57 59.59 35.42 0.507 0.438
P-RMF 74.94 74.09 59.86 38.07 0.487 0.462
ALMT 73.27 72.09 59.47 38.13 0.502 0.444
Ours (HyDRA) 75.71 75.59 61.49 40.48 0.465 0.512

0.3

LNLN 74.09 70.52 58.86 33.92 0.517 0.398
P-RMF 74.09 72.63 58.32 37.02 0.497 0.444
ALMT 72.51 71.03 57.63 36.19 0.541 0.441
Ours (HyDRA) 74.52 73.28 59.80 38.07 0.480 0.478

0.4

LNLN 74.84 71.33 59.38 34.76 0.511 0.416
P-RMF 74.52 73.22 58.98 37.53 0.491 0.452
ALMT 73.19 72.02 58.79 37.24 0.504 0.418
Ours (HyDRA) 73.88 72.15 58.72 36.54 0.488 0.455

0.5

LNLN 72.91 69.73 57.06 32.41 0.526 0.342
P-RMF 73.24 71.41 56.78 35.31 0.508 0.409
ALMT 71.66 70.39 56.79 34.64 0.461 0.328
Ours (HyDRA) 72.95 71.42 57.55 34.79 0.496 0.433

0.6

LNLN 71.48 68.11 55.62 30.93 0.543 0.344
P-RMF 71.94 70.12 54.83 33.19 0.518 0.378
ALMT 70.31 68.78 55.14 32.47 0.531 0.321
Ours (HyDRA) 72.15 70.31 56.26 32.60 0.509 0.409

0.7

LNLN 70.16 66.53 53.02 28.79 0.557 0.256
P-RMF 70.21 68.27 52.96 30.68 0.537 0.329
ALMT 69.07 67.22 52.97 29.71 0.551 0.294
Ours (HyDRA) 71.29 69.55 55.10 31.51 0.524 0.359

0.8

LNLN 68.56 64.41 50.83 26.61 0.579 0.212
P-RMF 68.44 66.44 50.62 28.38 0.551 0.286
ALMT 67.74 65.72 50.92 27.92 0.569 0.222
Ours (HyDRA) 70.35 68.20 53.80 30.20 0.550 0.315

0.9

LNLN 68.29 64.22 50.64 26.04 0.583 0.209
P-RMF 68.41 65.94 50.54 27.92 0.556 0.276
ALMT 67.29 65.03 50.61 27.33 0.601 0.196
Ours (HyDRA) 68.81 65.10 55.03 24.71 0.575 0.234

Avg.

LNLN 72.87 69.32 56.88 32.31 0.530 0.359
P-RMF 72.89 71.30 56.56 34.91 0.509 0.405
ALMT 71.45 69.94 56.41 34.32 0.523 0.365
Ours (HyDRA) 73.48 71.96 58.51 35.51 0.496 0.430

Table 10: Complete comparison results on the SIMS dataset.
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Figure 7: Performance comparison across all metrics on the MOSI dataset under varying missing rates.

Figure 8: Performance comparison across all metrics on the MOSEI dataset under varying missing rates.

Method MAE↓ Corr↑
HyDRA 1.044±0.011 0.539±0.008
LNLN 1.069±0.014 0.499±0.010
P-RMF 1.085±0.016 0.512±0.011

Table 11: Run-to-run stability on MOSI under the inde-
pendent five-seed protocol {42, 123, 2024, 7, 31}. Re-
sults are reported as mean ± standard deviation.

the between-method gap on every row, matching
the tight run-to-run stability reported in Table 11.

F Hyperparameter and Training
Sensitivity

We analyze the sensitivity of HyDRA to key hyper-
parameters on the MOSI dataset, computing aver-
age test results across missing rates 0–0.9. These

experiments are included to check whether the pro-
posed gains rely on fragile hyperparameter choices.
We group the checks into two compact summaries:
Table 13 covers geometry and distillation parame-
ters, Table 14 covers trainable curvature variants,
and Table 15 covers auxiliary losses and training
schedules.

F.1 Geometry and Distillation Parameters
We first vary the Poincaré curvature c, the maxi-
mum distillation weight βmax, and trainable curva-
ture parameterisations. Recent hyperbolic learning
work (Ganea et al., 2018; Gulcehre et al., 2019;
Shimizu et al., 2021) reports that making c trainable
can improve some graph and language tasks, so we
include learnable scalar, per-layer, and per-sample
curvature variants while keeping every other com-
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Figure 9: Performance comparison across all metrics on the SIMS dataset under varying missing rates.

Dataset Metric ∆ p-value 95% CI

MOSI

Acc-2 (Has0) +0.46 0.029 [+0.09,+0.78]
Acc-2 (Non0) +2.80 <0.001 [+2.41,+3.18]
Acc-7 +3.48 0.002 [+2.25,+4.67]
MAE↓ −0.040 0.004 [−0.054,−0.025]

MOSEI

Acc-2 (Has0) +0.58 0.028 [+0.12,+1.02]
Acc-5 +0.47 0.023 [+0.11,+0.81]
Acc-7 +0.65 0.007 [+0.27,+1.01]
F1 (Non0) +0.28 0.034 [+0.04,+0.52]

SIMS
Acc-2 +0.59 0.031 [+0.10,+1.05]
Acc-3 +1.95 0.003 [+1.26,+2.62]
F1 +0.66 0.018 [+0.20,+1.10]

Table 12: Paired significance tests between HyDRA and P-RMF under the independent five-seed protocol. ∆ is the
mean improvement (absolute, in percentage points except MAE), p-values are from two-sided paired t-tests, and
95% CIs are paired-bootstrap intervals with B=10,000 resamples. All 11 metrics yield p < 0.05 and confidence
intervals excluding zero.

ponent fixed.

Findings. Table 13 shows that c = 1.0 and
c = 2.0 are close, but c = 1.0 is better on MAE,
Corr, and Acc-7 in the fixed-curvature setting, so
we keep the standard curvature for stability. The
same table shows that βmax = 1.0 gives the best
balance between distillation and task supervision.
Trainable curvature brings only negligible changes:
the learnable scalar converges to c⋆ = 1.03± 0.12
on MOSI and 0.97 ± 0.09 on MOSEI, while the
per-layer variant converges near (1.06, 0.94) and
slightly improves a few metrics by at most 0.02
Acc-7, 0.002 MAE, and 0.001 Corr. We therefore
keep fixed c = 1.0 because it is simpler and com-

parably strong. The per-sample variant degrades
performance, suggesting that coupling curvature
directly to completeness is redundant with DAHP’s
radial positioning.

F.2 Objective Weights and Training Schedule

Because HyDRA combines task prediction, com-
pleteness scoring, hyperbolic correction, and fea-
ture reconstruction, we further test whether the aux-
iliary loss weights and the progressive correction
schedule dominate the final performance.

Table 15 shows that performance remains stable
around the selected auxiliary weights. Very small
λ1 weakens completeness scoring, while overly
large λ2 gives too much emphasis to reconstruction.

56595



Hyperparameter Setting Acc-2 F1 score Acc-5 Acc-7 MAE↓ Corr↑

c

0.5 71.23/72.58 71.04/72.47 37.89 33.65 1.068 0.521
1.0 71.80/73.21 71.61/73.16 38.90 34.73 1.044 0.539
2.0 71.56/73.34 71.38/73.29 39.12 34.45 1.052 0.532
5.0 70.67/72.14 70.48/72.03 37.21 33.08 1.089 0.508

βmax

0.5 71.12/72.67 70.93/72.56 37.78 33.89 1.073 0.518
1.0 71.80/73.21 71.61/73.16 38.90 34.73 1.044 0.539
2.0 71.67/73.08 71.49/72.98 39.05 34.38 1.058 0.531
5.0 70.45/71.89 70.26/71.78 36.87 32.76 1.098 0.497

Table 13: Sensitivity to fixed curvature and maximum distillation weight on MOSI. Results are averaged over
missing rates 0–0.9. Best results are in bold.

Variant MOSI MOSEI

Acc-7 MAE↓ Corr↑ #params† Acc-7 MAE↓ Corr↑ #params†

Fixed c = 1.0 (ours) 34.73 1.044 0.539 0 48.14 0.656 0.600 0
Learnable scalar c 34.69 1.046 0.538 1 48.09 0.657 0.599 1
Per-layer cℓ 34.71 1.042 0.540 2 48.16 0.655 0.601 2
Per-sample c(ŵ) 34.58 1.049 0.535 2,113 47.92 0.661 0.596 2,113

Table 14: Trainable curvature variants averaged over missing rates 0–0.9 and three seeds. † denotes extra parameters
over fixed c = 1.0. Best results are in bold.

Hyperparameter Setting MAE↓ Corr↑

λ1

0.1 1.076 0.516
0.5 1.057 0.528
0.9 1.044 0.539
1.5 1.053 0.532

λ2

0.01 1.063 0.526
0.1 1.044 0.539
0.5 1.056 0.530
1.0 1.069 0.521

Twarmup

0 1.103 0.491
5 1.058 0.533
10 1.044 0.539
20 1.053 0.536

Schedule
Linear 1.044 0.539
Cosine 1.051 0.533
Exponential 1.061 0.525

Table 15: Sensitivity of auxiliary loss weights and training schedule on MOSI. Results are averaged over missing
rates 0–0.9. λ1 controls completeness supervision, λ2 controls reconstruction, Twarmup delays hyperbolic correction,
and schedule denotes the progressive distillation schedule.
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For the schedule, applying hyperbolic correction
from the beginning is less stable, an excessively
long warmup delays teacher guidance, and the lin-
ear schedule is the best among the tested options.

G Experimental Protocol

G.1 Dataset Details
We evaluate our proposed method on three widely-
used benchmark datasets for multimodal sentiment
analysis. These datasets encompass both English
and Chinese languages, varying scales, and diverse
topic coverage, providing a comprehensive testbed
for assessing the effectiveness and generalizability
of our approach.

• MOSI: The CMU-MOSI dataset contains speak-
ers’ opinion expressions on topics such as movies
from 93 YouTube videos, comprising 2,199 video
clips (Zadeh et al., 2016). The sentiment inten-
sity of each clip is annotated in the range of -3
(strongly negative) to +3 (strongly positive).

• MOSEI: The CMU-MOSEI dataset is an ex-
tended version of MOSI, covering 250 different
topics with 22,856 annotated video clips (Zadeh
et al., 2018). The sentiment annotation method
is the same as MOSI.

• SIMS: The SIMS dataset is a Chinese mul-
timodal sentiment analysis dataset containing
2,281 video clips (Yu et al., 2020). Each sam-
ple has one multimodal sentiment label and three
unimodal sentiment labels, with sentiment scores
ranging from -1 to +1.

Dataset Speaker Video Clip Train Valid Test Language

MOSI 93 2199 1284 229 686 English
MOSEI 1000 22856 16326 1871 4659 English
SIMS 474 2281 1368 456 457 Chinese

Table 16: Dataset statistics.

G.2 Baseline Details
(1) Complete modality methods assume all
modalities are fully available during both training
and inference:

• MISA (Hazarika et al., 2020) projects each
modality into invariant and specific subspaces
in Euclidean space, disentangling shared and
unique sentiment factors through linear decom-
position;

• Self-MM (Yu et al., 2021) generates unimodal su-
pervision labels through a self-supervised multi-
task scheme, enabling each modality branch to
learn discriminative sentiment representations in-
dependently without cross-modal information ex-
change;

• MMIM (Han et al., 2021) maximises mutual
information hierarchically—first between uni-
modal pairs and then between the fused out-
put and each individual modality—under a Eu-
clidean statistical framework to strengthen inter-
modal coherence;

• CENET (Wang et al., 2022) enriches the domi-
nant linguistic stream with auxiliary acoustic and
visual signals through pairwise bimodal interac-
tion layers with fixed interaction weights;

• TETFN (Wang et al., 2023) performs unidi-
rectional text-to-nonverbal enhancement in Eu-
clidean space by attending acoustic and visual
branches to textual sentiment cues;

• ALMT (Zhang et al., 2023) dynamically mod-
ulates non-verbal contributions conditioned on
linguistic context through modality-level soft gat-
ing in Euclidean space to filter out sentiment-
irrelevant and conflicting information from auxil-
iary modalities.

(2) Incomplete-modality methods are specifi-
cally designed to handle incomplete multimodal
data:

• TFR-Net (Yuan et al., 2021) employs transform-
ers to impute absent modality tokens in tem-
porally non-aligned sequences through direct
feature-level generation in Euclidean space;

• LNLN (Zhang et al., 2024a) prioritises the lin-
guistic signal as a noise-resistant anchor and ap-
plies dominant-modality calibration at a uniform
strength to attenuate the impact of absent or cor-
rupted non-verbal inputs;

• P-RMF (Zhu et al., 2025) learns canonical joint
embeddings from partially observed inputs in Eu-
clidean space, scores each modality’s reliability
to re-weight its fusion contribution, and performs
pairwise cross-modal interaction for robustness
under missingness;

• DAR (Yang et al., 2025) factorises each modality
into shared and private subspaces via mutual-
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information constraints and recombines the avail-
able factors to fill in absent components by ap-
plying uniform constraints across all samples.
Since the official DAR implementation is not
publicly available and its published results do not
cover the full missing-rate grid under our unified
protocol, re-implementing DAR from the paper
alone would introduce uncontrolled differences
in preprocessing, masking, and training details.
We therefore report DAR only in the partial com-
parisons where comparable published results are
available.

Reproduction protocol. We reproduced ALMT,
LNLN, and P-RMF under identical dataset splits
and preprocessing pipelines; results for the remain-
ing baselines are cited from Zhang et al. (2024a),
which follows the same experimental protocol.

G.3 Missing Protocol
To simulate real-world missingness caused by sen-
sor failures or ASR errors, we follow the protocol
of Zhang et al. (2024a) and randomly erase a frac-
tion r ∈ [0, 0.9] of information in each modality
for every sample. The per-rate evaluation grid is
r∈{0.0, 0.1, . . . , 0.9}. Zero padding is applied to
the erased portions of the visual and audio modali-
ties, while the text modality is filled with the [UNK]
token. Formally, the incomplete input is obtained
by:

Ũm = Mm ⊙ Um (19)

where Mm ∈ {0, 1}Tm×dm is a binary mask and
⊙ denotes element-wise multiplication.

For MOSI and MOSEI, binary metrics use the
Has0/Non0 convention: Has0 includes neutral sam-
ples in the non-negative class, whereas Non0 ex-
cludes neutral samples before computing Acc-2
and F1.

G.4 Training Details and Statistical Protocol
The text modality is encoded using BERT-base (De-
vlin et al., 2019), visual features are extracted via
OpenFace 2.0 (Baltrusaitis et al., 2018), and audio
features are obtained using Librosa (McFee et al.,
2015). We use the AdamW optimizer with learning
rate η = 10−4 and weight decay 10−4. To stabi-
lize hyperbolic space optimization, gradient norm
clipping is applied with threshold 1.0.

Unless otherwise stated, all newly generated
results for HyDRA, reproduced baselines, abla-
tions, and sensitivity variants use random seeds
{1111, 1112, 1113} and are averaged across seeds

and missing rates r ∈ {0.0, 0.1, . . . , 0.9}. This
three-seed protocol follows Zhang et al. (2024a)
and keeps the main comparison, ablations, and sen-
sitivity analyses under the same data splits, prepro-
cessing pipeline, and evaluation grid. Results for
externally cited baselines follow the same evalua-
tion protocol when available.

To separately assess statistical reliability rather
than reproduction fidelity, we additionally re-
run HyDRA and the closest competitor with
an independent set of five random seeds
{42, 123, 2024, 7, 31}, disjoint from the canoni-
cal three seeds. We report paired t-tests, paired-
bootstrap 95% confidence intervals, and run-to-run
standard deviations in Appendix E.1–E.1. The
two tiers answer complementary questions: the
three-seed tier keeps the main comparison aligned
with prior work, while the five-seed tier supplies
multi-seed significance evidence without re-tuning
or cherry-picking seeds.

G.5 Hyperparameter Settings

Table 17 summarizes the hyperparameter settings
for all datasets.

Hyperparameter MOSI MOSEI SIMS

Language input dimension dl 768 768 768
Audio input dimension da 5 74 33
Visual input dimension dv 20 35 709
Hyperbolic space dimension d′ 128 128 128
Poincaré ball curvature c 1.0 1.0 1.0
Batch size 64 64 64
Epochs 200 200 200
Learning rate η 1e-4 1e-4 1e-4
λ1, βmax, λ2 0.9, 1.0, 0.1 0.9, 1.0, 0.1 0.9, 1.0, 0.1
Warmup epochs Twarmup 10 10 10
EMA momentum µ 0.999 0.999 0.999
Slack margin τ 0.1 0.1 0.1
Safety margin ϵ 1e-5 1e-5 1e-5

Table 17: Hyperparameter settings for all datasets.

H Hyperbolic Formulation and
Mathematical Motivation

This appendix provides detailed formulations of hy-
perbolic geometric operations used in the main text,
including the exponential map exp0, logarithmic
map log0, Möbius addition⊕c, hyperbolic distance
dH, and boundary projection Πc.

H.1 Poincaré Ball Model

The Poincaré ball model Dn
c = {z ∈ Rn : c∥z∥2 <

1} is a hyperbolic space model with curvature −c
(c > 0), where n denotes the embedding dimension
(corresponding to d′ in the main text). Compared
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to Euclidean space, hyperbolic space exhibits expo-
nential volume growth near the boundary, allowing
it to separate samples of different quality levels
with greater resolution in low dimensions (Nickel
and Kiela, 2017). This property makes hyperbolic
space suitable for modeling the representation drift
that grows much faster at high missing rates than
at low missing rates (see Appendix A.1).

H.2 Exponential and Logarithmic Maps
The exponential map exp0 : T0Dn

c → Dn
c projects

tangent vectors v ∈ T0Dn
c
∼= Rn from Euclidean

space to hyperbolic space:

exp0(v) = tanh
(√

c∥v∥
) v√

c∥v∥ (20)

This operation is used in Eq. (5) of the main text
to map the fused Euclidean representation G into
a content-dependent hyperbolic proposal before
completeness-driven radial positioning.

The logarithmic map log0 : Dn
c → T0Dn

c per-
forms the inverse operation, mapping points z from
hyperbolic space back to the tangent space:

log0(z) =
artanh(

√
c∥z∥)√

c∥z∥ z (21)

where artanh(·) denotes the inverse hyperbolic
tangent function. For numerical stability, when
∥z∥ → 0, we have log0(z)→ z.

H.3 Möbius Addition
Möbius addition ⊕c : Dn

c × Dn
c → Dn

c defines vec-
tor combination in hyperbolic space, generalizing
Euclidean addition to account for curved geometry:

x⊕c y =
(1 + 2c⟨x, y⟩+ c∥y∥2)x

1 + 2c⟨x, y⟩+ c2∥x∥2∥y∥2

+
(1− c∥x∥2)y

1 + 2c⟨x, y⟩+ c2∥x∥2∥y∥2
(22)

where ⟨·, ·⟩ denotes the Euclidean inner product.
This operation satisfies key properties: (1) x ⊕c

0 = x (identity), and (2) x⊕c (−x) = 0 (inverse).
As c → 0, Möbius addition reduces to standard
Euclidean addition.

H.4 Hyperbolic Distance
Based on Möbius addition, the hyperbolic distance
between two points x, y ∈ Dn

c is defined as:

dH(x, y) =
2√
c

artanh
(√

c∥−x⊕c y∥
)

(23)

This distance metric is used in the hyperbolic dis-
tillation loss Lhyp (Eq. (11)). A key property is
that hyperbolic distance exhibits significant ampli-
fication near the boundary of the Poincaré ball:
for points with ∥z∥ → 1/

√
c, even small Eu-

clidean displacements result in large hyperbolic dis-
tances. This boundary sensitivity provides stronger
corrective gradients for severely missing or low-
completeness samples.

H.5 Boundary Projection
The projection operator Πc : Rn → Dn

c ensures
numerical stability by constraining points within
the Poincaré ball:

Πc(z) =





z if
√
c∥z∥ < 1− ϵ

(1− ϵ)√
c∥z∥ z otherwise

(24)

where ϵ = 10−5 is a small constant preventing
numerical overflow when computing hyperbolic
operations near the boundary. This projection is
applied after completeness-driven radial position-
ing in Eq. (9) to guarantee that all representations
remain within the valid hyperbolic space.

H.6 Riemannian Metric and Conformal
Factor

The Poincaré ball is a conformal model of hyper-
bolic space, meaning angles are preserved but dis-
tances are scaled by a position-dependent confor-
mal factor. The Riemannian metric tensor at point
z ∈ Dn

c is given by:

gz = λ2
zIn, where λz =

2

1− c∥z∥2 (25)

Here, λz is the conformal factor that governs the
local geometry. As ∥z∥ → 1/

√
c (approaching

the boundary), λz → ∞, causing distances and
gradients to be strongly amplified. This boundary
amplification effect is the key geometric property
exploited by our method: low-completeness sam-
ples placed near the boundary experience substan-
tially stronger gradient signals during optimization.

H.7 Summary of Notation
Table 18 summarizes the hyperbolic geometric no-
tation used throughout this paper, and Table 19
lists the HyDRA-specific symbols introduced in
§ 3.2–3.4 together with their tensor shapes and ad-
missible ranges. The two tables are grouped here so
that the main text can refer to any symbol without
interrupting the flow of § 3.
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Table 18: Summary of hyperbolic geometric notation.

Symbol Description

Dn
c Poincaré ball (dim n, curvature −c)
c Curvature parameter (c > 0)

exp0 Exponential map at origin
log0 Logarithmic map at origin
⊕c Möbius addition
dH Hyperbolic distance
Πc Boundary projection operator
λz Conformal factor at point z

Table 19: HyDRA-specific symbols introduced in § 3.2–
3.4, grouped by module.

Symbol Meaning Shape / Range

Inputs and CMER (§ 3.2)
Um, Ũm complete / incomplete input Tm×dm

Mm binary missingness mask {0, 1}Tm×dm

rm modality missing rate [0, 1]

Hl, Ha, Hv encoded L / A / V feats. n×d
P learnable language proxy n×d

Hproxy proxy-retrieved A/V evidence n×d
g scalar gating coefficient [0, 1]

Ĥl compensated language repr. n×d

DAHP (§ 3.3)
ŵ estimated completeness score [0, 1]
w supervision target 1 − rl [0, 1]

h(ℓ) semantic token at layer ℓ n×d
G fused semantic vector d

z̃ content hyperbolic proposal Dd′
c

u unit semantic direction Rd′

ρ(ŵ) damage-controlled radius (after Πc) [0, ρmax]
ρmax boundary (1−ϵ)/

√
c R>0

z damage-aware position Dd′
c

SAHC (§ 3.4)
zS , zT student / EMA teacher Dd′

c
θS , θT student / teacher params. –

µ EMA momentum [0, 1)
τ relaxation margin R≥0

q̂ damage score 1 − ŵ [0, 1]

Learning objective (§ 3.5)
λ1, λ2 loss balancing coeffs. R≥0

β(t) progressive distill. weight [0, βmax]
Twarmup warmup epochs for β(t) N

H.8 Intuitive Reading of DAHP Radial
Equations

Equations (6)–(9) in the main text couple the com-
pleteness score ŵ with the hyperbolic coordinate
z through three steps: direction extraction, radius
scheduling, and boundary projection. We restate
them here with a plain-language interpretation, so
that a reader can parse § 3.3 without re-deriving
the Poincaré algebra.

• Direction carries semantics. u = z̃/(∥z̃∥2+
ϵ) keeps the sentiment-bearing direction of the
fused proposal unchanged. Two samples with the
same u but different ŵ will be read the same way
by the predictor, so the downstream task is not
perturbed by radial re-positioning.

• Radius carries damage. ρ(ŵ) = ŵ∥z̃∥2 + (1−
ŵ)ρmax linearly interpolates between the content-
native radius ∥z̃∥2 (when ŵ = 1, i.e. intact in-
put) and the boundary radius ρmax (when ŵ=0,
i.e. maximally damaged input). The mapping is
monotone decreasing in completeness, so more
severely damaged samples are pushed farther to-
ward the boundary.

• Projection keeps the geometry valid. z =
Πc(ρ(ŵ)u) applies the boundary projection of
Eq. (24), ensuring

√
c ∥z∥ < 1 even under nu-

merical noise. Inside the ball, z shares the direc-
tion of z̃ and the magnitude of ρ(ŵ).

• Why the boundary matters. Because the con-
formal factor λz = 2/(1 − c∥z∥2) in Eq. (25)
diverges as ∥z∥→1/

√
c, a small Euclidean dis-

placement near the boundary becomes a large
hyperbolic displacement. Coupling this with
the distillation weight 1 − ŵ in Eq. (11) gives
HyDRA its central property: samples with high
completeness stay near the semantic core and
receive gentle correction; samples with low com-
pleteness are radially expanded to the boundary,
where the geometry itself amplifies the correction
signal.

This paragraph is the intuition companion of
the formal derivation in Appendix H.9: the equa-
tions here describe what the model does, whereas
Eq. (32) explains why the resulting correction coef-
ficient is monotone in damage.

H.9 Mathematical Motivation of HyDRA
This appendix gives the mathematical motivation
behind the two geometric designs used in Hy-
DRA: completeness-controlled radial positioning
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and severity-adaptive hyperbolic correction. The
goal is not to prove global optimality, but to show
that the proposed mechanism gives a monotone and
geometry-aware correction signal as sample dam-
age increases. We therefore analyze a local slice
of the model where the semantic direction is fixed,
the boundary projection is inactive, and the hinge
loss is active when studying correction strength.

H.9.1 Radial Severity from Completeness

Let q̂ = 1− ŵ denote the estimated damage score,
where ŵ ∈ [0, 1] is the predicted completeness. For
a semantic proposal z̃ obtained from text-guided
fusion, define r0 = ∥z̃∥2. In the nonzero case, its
semantic direction is u = z̃/∥z̃∥2; the implemen-
tation in Eq. (9) adds ϵ only to avoid division by
zero. DAHP assigns the final radius as

ρ(q̂) = (1− q̂)r0 + q̂ρmax = r0 + q̂(ρmax − r0),
(26)

where ρmax = (1 − ϵ)/
√
c. Since Πc clips satu-

rated points to the valid radius, we consider the
non-saturated regime 0 ≤ r0 < ρmax; if r0 is
already clipped, the sample has reached the maxi-
mum radial severity. In the non-saturated regime,

∂ρ(q̂)

∂q̂
= ρmax − r0 > 0. (27)

Therefore, lower completeness always pushes the
sample farther from the origin while preserving the
direction u. This separates two roles: u carries
sentiment semantics for prediction, while ρ(q̂) en-
codes how severely the sample has been damaged.

The corresponding hyperbolic radial severity is
the distance from the origin:

s(q̂) = dH(0, z) =
2√
c
artanh

(√
c ρ(q̂)

)
. (28)

Differentiating Eq. (28) gives

∂s(q̂)

∂q̂
=

2(ρmax − r0)

1− cρ(q̂)2
= λρ(q̂)(ρmax − r0) > 0,

(29)
where λρ = 2/(1 − cρ2) is the conformal factor
in Eq. (25). As ρ(q̂) approaches the boundary, the
denominator becomes smaller, so the same increase
in damage produces a larger increase in hyperbolic
severity. This explains why DAHP maps severely
damaged samples toward the boundary rather than
only assigning them a larger scalar weight.

H.9.2 Effective Strength of Hyperbolic
Correction

SAHC uses the loss

Lhyp = q̂ max(0, dH(zS , zT )− τ) , (30)

where zS is the student representation from in-
complete inputs and zT is the complete-modality
teacher anchor. For local comparative statics, we
fix zT and the semantic direction of zS , so the ra-
dius of zS follows ρ(q̂). When the hinge is active,
a local displacement ∆ = zS − zT satisfies the
first-order approximation

dH(zS , zT ) ≈ λzS∥∆∥2. (31)

Combining Eq. (31) with the radial positioning in
Eq. (26), the local effective correction coefficient
can be written as

Γ(q̂) = q̂ λρ(q̂) = q̂
2

1− cρ(q̂)2
. (32)

Its derivative is

∂Γ(q̂)

∂q̂
= λρ(q̂) + q̂

4c ρ(q̂)(ρmax − r0)

(1− cρ(q̂)2)2
> 0.

(33)
Thus, the correction strength grows with the es-
timated damage score in two coupled ways: the
explicit factor q̂ increases the distillation weight,
and the radial movement increases the conformal
factor λρ(q̂). A scalar-weighted Euclidean distil-
lation loss can provide the first factor, but not the
second position-dependent amplification, making
it less suited to the drift that varies across missing
rates and samples.

H.9.3 Scope of the Derivation
The derivation above supports the mechanism used
by HyDRA: completeness controls the radial coor-
dinate, the radial coordinate controls the hyperbolic
metric, and the metric determines the local correc-
tion strength. The local approximation in Eq. (31)
is used only to interpret optimization dynamics;
the actual model is trained with the exact hyper-
bolic distance in Eq. (11). Therefore, the appendix
should be read as a mathematical motivation for the
adaptive correction design rather than as a claim of
global optimization guarantees.

I Efficiency Analysis

To evaluate the computational efficiency of Hy-
DRA, we compare it with the LNLN baseline on
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Metric LNLN HyDRA (Ours)

Parameters (M) ↓ 115.97 113.34
Train Time (s/epoch) ↓ 4.22 5.77
Inference Latency (ms) ↓ 71.02 85.87

Table 20: Efficiency comparison between LNLN and
HyDRA on the MOSI dataset. ↓ indicates lower is
better.

the MOSI dataset in terms of parameter count, train-
ing time per epoch, and inference latency. The
results are summarized in Table 20.

As presented in Table 20, HyDRA uses fewer
parameters than LNLN, indicating that its perfor-
mance gains do not come from simply scaling up
the model size. This compactness is consistent with
the representational capacity of hyperbolic geom-
etry, which can encode a wide range of damage
levels efficiently.

Regarding computational speed, HyDRA incurs
moderate overhead in training time and inference
latency, mainly due to the additional completeness-
aware fusion mechanism and Riemannian opera-
tions. The latency remains below 100 ms in our
setting, so the added cost is manageable relative
to the robustness gains under incomplete-modality
conditions.

J Case Study

To intuitively demonstrate the effectiveness of Hy-
DRA, we present qualitative examples in Figure 10,
showing both successful and failed predictions un-
der various incomplete-modality conditions. In suc-
cessful cases, our method accurately captures sen-
timent even with severe missingness, demonstrat-
ing that cross-modal compensation and damage-
aware hyperbolic correction effectively handle in-
complete data.

K AI Assistants Disclosure
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the English writing and grammar checking of the
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Figure 10: Illustrative case study.
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