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Abstract
Public social-media memes often express anxiety
and depression through irony, visual metaphor,
and figurative reference, carrying psychological
signal that is frequently missed by purely textual
analysis. Models for this task may support aggre-
gate public-health research and moderation triage,
provided their outputs are treated as uncertain sig-
nals rather than individual-level assessments. We
study fine-grained anxiety and depression symp-
tom classification on the AxiOM and RESTORE
benchmarks and propose TCAF, a trimodal classi-
fier that operates on top of three frozen pretrained
encoders: a vision encoder over the meme image
and a frozen MentalBART text encoder applied
separately to OCR text and to figurative reasoning
triples. The trainable head combines an Adaptive
Gated Trimodal Fusion (AGTF) block that learns
a per-dimension soft mask over the concatenated
modalities, an additional three-way modality gate,
a dual classifier head that blends a linear MLP
with learnable class prototypes, and a supervised
contrastive auxiliary loss on the fused representa-
tion. With only 1.7M trainable parameters, TCAF
reaches a test macro-F1 of 0.7067 on AxiOM
and 0.6857 on RESTORE, exceeding the prior tri-
modal state of the art on AxiOM under the same
split, with strong results on the official RESTORE
test set. We further provide a per-class analysis of
modality weighting and a geometric study of the
learned class prototypes.

1. Introduction
Public social-media memes often express anxiety and de-
pression through irony, visual metaphor, and figurative refer-
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ence, and a growing body of prior work studies such content
as a potential signal for aggregate analysis of mental-health
expression (Mazhar et al., 2025; Yadav et al., 2023). Memes
occupy a central place in this discourse. They combine an
image, a short caption, and a layer of figurative reference,
and they are shared widely enough that automatic recogni-
tion of the symptoms they express has both research value,
for instance for aggregate public-health research, and op-
erational value, for instance for routing emotionally heavy
content to human review on a moderation platform.

The same reach that makes meme content interesting to
study also makes it socially sensitive. Because labels such
as self-harm and depression are sensitive, errors may have
nontrivial downstream consequences if model outputs are
surfaced to users or moderators without human review.

Recent work frames the task as fine-grained symptom iden-
tification. AxiOM (Mazhar et al., 2025) categorises anxiety
memes into six GAD-7 symptoms, while RESTORE (Yadav
et al., 2023) provides multilabel PHQ-9 annotations of de-
pression memes. Existing approaches in this space typically
combine the OCR text of the meme with structured com-
monsense reasoning generated by a large language model
and then train a moderately large encoder on the resulting in-
put. The current state of the art, M3H (Mazhar et al., 2025),
demonstrates the value of GPT-4o reasoning triples for this
task. We study a complementary question: whether direct
frozen visual features and a small trainable fusion head can
improve task-specific training efficiency while retaining the
figurative-reasoning signal, in line with prior observations
on linear probing of frozen pretrained features (Kumar et al.,
2022).

We explore that direction. We propose TCAF, a classifier
that runs on top of three frozen pretrained encoders. The
image is processed by CLIP (Radford et al., 2021), and the
OCR and reasoning triples are processed by a frozen Men-
talBART encoder used by M3H (Mazhar et al., 2025). The
trainable head, with 1.7M trainable parameters, has three
main components. An Adaptive Gated Trimodal Fusion
(AGTF) block applies a per-dimension soft mask to the con-
catenated modality vectors, allowing the model to suppress
noisy coordinates and emphasise informative ones at the
level of individual feature dimensions; a small additional
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three-way modality gate produces a per-sample weighting
over the image, OCR, and reasoning streams before AGTF
is applied. A dual classification head combines a linear
MLP with a learnable prototype-based cosine classifier, and
the two heads are blended through a learned coefficient. A
supervised contrastive auxiliary objective (Khosla et al.,
2020) on a separate projection of the fused representation
directly addresses the near-degenerate centroid geometry
observed when frozen pretrained features are used at this
dataset scale.

Contributions. We make three contributions:

1. TCAF, a 1.7M trainable-parameter trimodal classifier
that reaches a test macro-F1 of 0.7067 on AxiOM and
0.6857 on RESTORE under a held-out validation selec-
tion protocol, exceeding the prior trimodal state of the
art on AxiOM under the same data split and with strong
results on the official RESTORE test set.

2. The Adaptive Gated Trimodal Fusion block with an ad-
ditional three-way modality gate whose softmax outputs
admit a per-class reading of which modality received
slightly higher weight.

3. Per-class analyses of confusion structure, learned proto-
type directions, and modality weighting, locating where
the model succeeds and where its predictions should be
treated with care.

2. Related Work
Memes on social platforms. Memes have become a
widely used medium for communication on social me-
dia and have been studied along several axes, includ-
ing detection and categorisation of harmful content, vi-
ral spread, and cross-platform behaviour. The Hateful
Memes challenge (Kiela et al., 2020) popularised multi-
modal benchmarks for offensive meme classification, and
FigMemes (Liu et al., 2022) provides annotations for
six types of figurative language in politically opinionated
memes. MemeCLIP (Shah et al., 2024) adapts CLIP repre-
sentations for meme classification with lightweight feature
adapters. Work focused on mental-health memes is compar-
atively recent. RESTORE (Yadav et al., 2023) introduced a
fine-grained multilabel benchmark for depression symptoms
based on PHQ-9, and AxiOM (Mazhar et al., 2025) intro-
duced a single-label benchmark for anxiety symptoms based
on GAD-7. Both datasets use symptom categories derived
from clinical questionnaires and were annotated under the
protocols described by their authors.

Mental-health expression in online text. A long line of
work examines linguistic markers of mental health condi-
tions in social media text. Domain-adapted language models
such as MentalBERT (Ji et al., 2022) continue to pretrain

BERT (Devlin et al., 2019) on mental-health corpora and
provide stronger initializations for downstream symptom
classification. Generative variants based on BART (Lewis
et al., 2020) have been used for text generation and classi-
fication, while M3H (Mazhar et al., 2025) uses a Mental-
BART (Yang et al., 2024) classifier together with GPT-4o-
generated reasoning triples. Our work uses such a frozen
text encoder to project OCR and structured reasoning into
the same representation space.

Commonsense and figurative reasoning for memes. De-
coding the meaning of a meme typically requires both com-
monsense knowledge and an interpretation of figurative
language. COMET (Bosselut et al., 2019) demonstrates
that transformers can produce commonsense knowledge-
graph inferences when fine-tuned on structured knowledge
bases. M3H (Mazhar et al., 2025) extends this idea by
prompting GPT-4o to extract three reasoning attributes
per meme, namely a cause-effect description, a figurative-
understanding gloss, and an inferred mental state, and uses
these as additional textual input to its classifier. We use
triples generated with the M3H prompt template as a frozen
text-feature stream alongside the OCR.

Multimodal fusion. Many approaches to vision-language
fusion stack a multi-head attention transformer (Vaswani
et al., 2017) or a series of cross-attention layers between
modalities. At small dataset sizes, simpler gating schemes
are often more robust. The Gated Multimodal Unit of
Arevalo et al. (2017) introduces a learned multiplicative
gate that controls how each modality contributes to a fused
representation. Sparse Mixture-of-Experts routers (Shazeer
et al., 2017) are a different approach in which discrete ex-
perts are selected by a top-k gate; AGTF is a continuous
per-feature gate operating on the concatenated modality
vector, not an expert router. Prototype-based classification,
popularised by Prototypical Networks (Snell et al., 2017),
classifies inputs by similarity to a small set of class an-
chors. Supervised contrastive learning (Khosla et al., 2020)
extends self-supervised contrastive objectives to the super-
vised case by treating same-class samples as positive pairs,
which is particularly useful when class centroids in the fea-
ture space are close. The Asymmetric Loss (Ridnik et al.,
2021) addresses class imbalance in multilabel classifica-
tion by applying different focusing strengths to positive and
negative samples.

Frozen features with a small trainable head. Kumar
et al. (2022) show that frozen pretrained features with a
linear probe often outperform full fine-tuning, particularly
when training sets are small and out-of-distribution gen-
eralisation is important. Our trimodal head follows this
paradigm: the encoders are frozen and only the fusion head,
with 1.7M trainable parameters, is updated.
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3. Datasets and Task
AxiOM (Mazhar et al., 2025). AxiOM is a single-label
dataset of 3,582 anxiety memes, with six fine-grained
classes drawn from the GAD-7 questionnaire (Nervousness,
Lack of Worry Control, Excessive Worry, Difficulty Relax-
ing, Restlessness, and Impending Doom). Following the
protocol outlined by Mazhar et al. (2025), we use these six
categories and the released splits, with 2,148 training, 307
validation, and 614 test memes.

RESTORE (Yadav et al., 2023). RESTORE is a multi-
label dataset of depression memes annotated with PHQ-9
symptoms. We use the train and test splits released with the
original RESTORE dataset of Yadav et al. (2023) (8,814
train and 662 test memes) and follow Mazhar et al. (2025)
in excluding the Lack of Energy category, leaving seven
symptom categories (Concentration Problem, Eating Dis-
order, Feeling Down, Lack of Interest, Low Self-Esteem,
Self-Harm, Sleeping Disorder). After this exclusion we
have 8,692 train and 567 test memes, and we hold out 198
memes from the training portion as a stratified validation
split, giving a final 8,494 train / 198 validation / 567 test
split.

Inputs. Each meme provides three streams: the image,
the OCR text extracted from the image, and a set of GPT-
4o figurative reasoning triples generated using the prompt
template of Mazhar et al. (2025). Each set of triples covers
three attributes: a cause-effect description that grounds the
meme in a real-world scenario, a figurative-understanding
gloss that articulates the metaphor or irony at play, and an
inferred mental state of the implied speaker. We use triples
generated with the M3H prompt template and feed them as
a textual input alongside the OCR rather than as discrete
graph edges, which simplifies the encoding pipeline.

4. Method
Figure 1 summarises TCAF. Each meme produces three
frozen feature streams that flow into a small trainable head,
which has four parts: per-modality projection and attention
pooling, an Adaptive Gated Trimodal Fusion block (with a
small additional three-way modality gate for the single-label
task), a dual classification head, and an auxiliary contrastive
projection.

4.1. Frozen feature extraction

We use three pretrained encoders and never update their
parameters. The image is encoded by CLIP ViT-L/14 (Rad-
ford et al., 2021), producing a token sequence Ximg ∈
R257×1024, namely one CLS token plus a 16 × 16 patch
grid. The OCR text and the GPT-4o reasoning triples are
encoded by the same frozen MentalBART encoder (Yang

et al., 2024) used by M3H (Mazhar et al., 2025), called
twice with different inputs and shared weights, producing
Xocr ∈ R64×1024 and Xtri ∈ R256×1024. Features are
computed once per dataset and cached.

4.2. Modality projection and attention pooling

Each token sequence is first projected to a shared d = 256
dimensional space through a small block consisting of a
linear map, a layer normalisation, and a GELU non-linearity.
Each projected sequence is then reduced to a single vector
through learned attention pooling,

v =

L∑
i=1

αi hi, αi =
exp(w⊤hi)∑
j exp(w

⊤hj)
, (1)

where hi ∈ Rd is the projected token at position i, L is
the sequence length, and w ∈ Rd is a learned query. Each
modality has its own pooling query. The output is three
pooled vectors vimg,vocr,vtri ∈ Rd.

4.3. Adaptive Gated Trimodal Fusion

We concatenate the three pooled vectors into a single tri-
modal vector

c = [vimg; vocr; vtri] ∈ R3d. (2)

A small gating network produces a per-dimension soft mask

g = σ(Wg c+ bg) ∈ [0, 1]3d, (3)

where σ is the elementwise sigmoid, Wg ∈ R3d×3d and
bg ∈ R3d are the learnable gate parameters that are shared
across samples and produce a sample-dependent gate vector.
Each entry gi ∈ [0, 1] acts as a continuous relevance score
for the i-th coordinate of c: values close to one let the
corresponding feature pass through, and values close to zero
suppress it. The gated vector

xg = g ⊙ c (4)

is projected through a small MLP and a final layer normali-
sation to produce the fused vector

f = LayerNorm
(
MLP(xg)

)
∈ Rd. (5)

The gate preserves or attenuates coordinates of the concate-
nated feature vector before projection: when gi → 1 the
i-th coordinate of c passes through, and when gi → 0 it
is suppressed. AGTF is a per-feature relative of the Gated
Multimodal Unit (Arevalo et al., 2017) and is distinct from
sparse Mixture-of-Experts routers (Shazeer et al., 2017),
which select among discrete sub-networks rather than gat-
ing individual feature dimensions of a shared vector.
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Meme image OCR text GPT-4o triples

CLIP ViT-L/14

❄

MentalBART (shared)

❄

MentalBART (shared)

❄
shared weights

Linear → LN → GELU
Attention Pool

🔥
Linear → LN → GELU

Attention Pool

🔥
Linear → LN → GELU

Attention Pool

🔥

vimg ∈ ℝ256 vocr ∈ ℝ256 vtri ∈ ℝ256

⊕ c ∈ ℝ768

Adaptive Gated Trimodal Fusion (AGTF) 🔥

m = softmax(MLP3(c)) c′ = (3m) ⊙ c

modality gate

g = σ(Wg c′ + bg) xg = g ⊙ c′

per-feature gate

LN → Linear(768→256) → GELU → Dropout → LN
🔥

f ∈ ℝ256

Dropout → Linear(256→128) → GELU

Dropout → Linear(128→C)

Linear MLP head ⇒ ulin

🔥
P ∈ ℝC×256 (learnable prototypes)

uc
proto = s · cos(f, Pc)

Prototype cosine head ⇒ uproto

🔥

+
α 1−α

class logits

ℒ = ℒCE + 0.1 · ℒSupCon

training only

SupCon
projection

z ∈ ℝ64, ℓ₂-norm

ℒSupCon
❄

🔥

frozen encoder

trainable

AGTF gate

modality gate

prototype

SupCon

loss

frozen marker

trainable marker

Figure 1. TCAF training-time architecture. Three frozen encoders (the lock marker) feed attention-pooled vectors into the AGTF block,
whose output f is consumed by a dual head combining a linear MLP and a prototype cosine classifier, blended through a learnable
coefficient α. The pink branch is active only during training: a separate projection head produces the normalised vector z used by the
supervised contrastive loss.

4.4. Three-way modality gate

Section 4.3 defined the base AGTF operation on an input
vector c; in the final single-label model, this input is first
reweighted by a small three-way modality gate, described
below, before the per-feature gate is applied. A two-layer
network maps c to a three-dimensional vector that is nor-
malised through softmax,

m = softmax
(
MLP3(c)

)
, m∈ [0, 1]3,

3∑
k=1

mk = 1,

(6)

producing a per-sample weighting over the three modalities.
Letting ck ∈ Rd denote the slice of c that comes from
modality k ∈ {img, ocr, tri}, we compute

c′k = (3mk) ck, c′ = [c′img; c
′
ocr; c

′
tri], (7)

and apply the per-dimension AGTF gate to c′ as before,
xg = σ(Wgc

′ + bg)⊙ c′. The factor 3 keeps the average
mass over modalities equal to one, so the modality gate
redistributes attention rather than systematically shrinking
activations. The entries of m admit a per-sample reading of
which modality received slightly higher weight.
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4.5. Dual classification head

For the single-label task we combine a linear MLP head with
a trainable prototype cosine head. We maintain a trainable
matrix P ∈ RC×d, where C is the number of classes; each
row Pc ∈ Rd is a class prototype that the model learns to
position so that fused representations of class-c memes lie
near it on the unit sphere. Prototypes are initialised from
N (0, 0.02) and updated jointly with the rest of the model.
The two logit vectors are

ulin = MLPcls(f), (8)

uproto
c = s

f⊤Pc

∥f∥ ∥Pc∥
, c = 1, . . . , C, (9)

where s > 0 is a learnable temperature initialised to 10.
Intuitively, ulin is a learned linear decision boundary in Rd

while uproto is a learned nearest-anchor classifier on the
unit sphere; both heads are parametric, the second one’s
parameters being the prototype directions {Pc}. The final
logits are a learned blend

ŷ = αulin + (1− α)uproto, α = σ(α0), (10)

where α0 ∈ R is a learnable scalar; on AxiOM the model
converges to α ≈ 0.61, leaning slightly toward the linear
head while still using the prototype path meaningfully. For
the multilabel depression task only the linear head is used,
since the prototype head implicitly assumes one active class
per sample.

4.6. Auxiliary supervised contrastive loss

For the single-label task the primary objective is weighted
cross-entropy with inverse-frequency class weights and a
label smoothing of 0.05. We add a supervised contrastive
auxiliary loss (Khosla et al., 2020) computed on a separate
projection head gcon that maps f through a two-layer MLP
with ℓ2 normalisation to produce z ∈ R64. With temperature
τ = 0.1, for a batch of N samples and zi = gcon(fi),

LSupCon = − 1

N

N∑
i=1

1

|P (i)|
∑

p∈P (i)

log
exp(z⊤i zp/τ)

Di
,

(11)

Di =
∑

k∈A(i)

exp(z⊤i zk/τ). (12)

where A(i) = {1, . . . , N} \ {i} and P (i) ⊆ A(i) are the
same-class peers of anchor i. The total training loss is

L = LCE + 0.1LSupCon. (13)

The contrastive term is helpful at this dataset scale because
the six anxiety classes have pairwise cosine distances of

only 0.0006 to 0.0011 between their centroids in the frozen
feature space, so cross-entropy alone provides only a weak
gradient signal for the inter-class margin.

For the multilabel depression task, cross-entropy is re-
placed with the Asymmetric Loss (Ridnik et al., 2021). Let
pc = σ(ŷc) ∈ [0, 1] be the sigmoid probability for class c,
yc ∈ {0, 1} the binary target, and define a small probability
shift pm,c = max(pc − cclip, 0) that zeroes the contribu-
tion of very confident negatives. With focusing parameters
γ+, γ− ≥ 0, the per-class loss is

Lc
ASL =

{
−(1− pc)

γ+ log pc, yc = 1,

−
(
pm,c

)γ−
log(1− pm,c), yc = 0.

(14)

We use γ+ = 0, γ− = 1.5, and cclip = 0.05, and the total
loss is the mean over classes and samples. Per-class sigmoid
decision thresholds are tuned on the validation split.

4.7. Training

We train with AdamW at a peak learning rate of 7× 10−5

for AxiOM and 3×10−4 for RESTORE, weight decay 0.05,
batch size 32, a cosine learning-rate schedule, and gradi-
ent clipping at 1.0. Training stops early when validation
macro-F1 has not improved for ten epochs. We select check-
points using validation macro-F1, and per-class thresholds
for RESTORE are also chosen on the validation split.

5. Experiments
5.1. Setup and baselines

We compare TCAF against the strongest baselines reported
in Mazhar et al. (2025), which span four input configura-
tions (OCR text alone, OCR with COMET commonsense
triples, OCR with LLAVA visual grounding, OCR with
GPT-4o reasoning triples) and several backbone families
(BERT (Devlin et al., 2019), DeBERTa (He et al., 2021),
MentalBERT (Ji et al., 2022), BART (Lewis et al., 2020),
MentalBART (Mazhar et al., 2025)). We also compare
against Yadav et al. (2023) on RESTORE, the prior state of
the art on that benchmark, and against M3H (Mazhar et al.,
2025), the prior state of the art on AxiOM. All baseline
numbers are taken from Mazhar et al. (2025).

5.2. Main results

Table 1 summarises the comparison. TCAF reaches a test
macro-F1 of 0.7067 on AxiOM and 0.6857 on RESTORE,
exceeding M3H by 0.7 absolute points on AxiOM under the
same data split. On RESTORE, M3H’s reported numbers
use a smaller curated subset (see Table 1), so we report
TCAF’s 0.6857 as a result on the official RESTORE test set
rather than a strict head-to-head improvement. The improve-
ment on AxiOM is consistent with the design intuition that
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Table 1. Comparison with prior work on AxiOM and RESTORE. Baseline numbers are taken from Mazhar et al. (2025). TCAF (ours) is
the validation-selected single run. ‡M3H is evaluated by Mazhar et al. (2025) on a smaller curated subset of RESTORE (6,863/197/336)
that differs from the original Yadav et al. (2023) splits; TCAF uses the official RESTORE train and test splits with the Lack-of-Energy
exclusion, so the RESTORE comparison is indicative rather than head-to-head.

Model Configuration AxiOM (anxiety) RESTORE (depression)

Macro-F1 W-F1 Macro-F1 W-F1

BERT (Devlin et al., 2019) OCR only 0.6299 0.6306 0.5816 0.5712
DeBERTa (He et al., 2021) OCR only 0.6203 0.6186 0.5799 0.5740
MentalBERT (Ji et al., 2022) OCR only 0.6341 0.6340 0.5914 0.6003
BART (Lewis et al., 2020) OCR only 0.6282 0.6262 0.4156 0.3835
MentalBART (Mazhar et al., 2025) OCR only 0.6497 0.6488 0.5419 0.5255

BERT OCR + GPT-4o 0.6201 0.6202 0.5865 0.5905
MentalBART OCR + GPT-4o 0.6551 0.6554 0.6326 0.6482

Yadav et al. (2023) RESTORE benchmark – – 0.6358 0.6459
M3H (Mazhar et al., 2025)‡ RAG + fine-tune 0.7000 0.7010 0.6752 0.6879

TCAF (ours) frozen features + AGTF + dual head 0.7067 0.7072 0.6857 0.6841

Table 2. Incremental component ablation on AxiOM, building
up the trainable head one component at a time. The final TCAF
configuration has 1.7M trainable parameters.

Configuration Macro-F1

Text-only baseline (OCR alone) 0.5935
+ GPT-4o reasoning triples 0.6250
+ image stream (concat fusion) 0.6670
+ AGTF gate 0.6896
+ supervised contrastive loss 0.6934
+ dual head (linear + prototype) 0.6947
+ label smoothing 0.05 0.6969
+ three-way modality gate 0.7067

frozen features paired with a strong fusion gate generalise
better than full fine-tuning at the small training-set scale
of this task. On RESTORE, the per-class threshold tuning
(see Section 4.7) enables TCAF to handle the multilabel
imbalance while still using a single shared head.

5.3. Component ablation

Table 2 ablates the head one component at a time on AxiOM.
Going from a text-only baseline to a trimodal concatenation
lifts macro-F1 by roughly seven points, replacing concate-
nation with the AGTF gate adds another two, the contrastive
auxiliary adds half a point, and the prototype head plus la-
bel smoothing each add a small fraction of a point. The
three-way modality gate provides the final lift to 0.7067.

5.4. Per-class behaviour

Figure 2 reports per-class F1 on AxiOM. Difficulty Relax-
ing is by far the easiest class, while Excessive Worry and
Restlessness remain the hardest, reflecting their overlap with
neighbouring categories such as Lack of Worry Control. Fig-
ure 3 shows the corresponding confusion matrix; the same

DR EW ID LWC NV RST
0.0

0.2

0.4

0.6

0.8
F1

0.861

0.625

0.740
0.659

0.714
0.644

DR: Difficulty Relaxing, EW: Excessive Worry, ID: Impending Doom, LWC: Lack of Worry
Control, NV: Nervousness, RST: Restlessness

Figure 2. Per-class test macro-F1 on AxiOM.
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DR: Difficulty Relaxing, EW: Excessive Worry, ID: Impending Doom, LWC: Lack of Worry Control, NV: Nervousness, RST: Restlessness

Figure 3. Test confusion matrix on AxiOM. Off-diagonal mass
concentrates between Lack of Worry Control and the two harder
classes.

off-diagonal mass appears between Lack of Worry Control
and the two harder classes, which is consistent with the ob-
servation in Mazhar et al. (2025) that these categories share
visual cues such as a person stopping or being interrupted.
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Image OCR Triples

DR

EW

ID

LWC

NV

RST

0.319 0.309 0.372

0.298 0.348 0.354

0.293 0.332 0.375

0.291 0.350 0.359

0.298 0.343 0.359

0.312 0.321 0.367
0.20

0.25

0.30

0.35

0.40

0.45

so
ftm

ax
 w

ei
gh

t
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Figure 4. Mean per-class modality gate m on AxiOM. Differences
across classes are small but structured in this run, with image
weight slightly higher for visually grounded classes and OCR
weight slightly higher for linguistically driven classes.

6. Analysis
6.1. Per-class modality weighting

Figure 4 shows the per-class average of the modality gate
m on AxiOM, marginalised over test samples of each class.
Although the gate is initialised uniformly and is never given
modality labels, the trained values reveal small class-specific
shifts. Classes whose signal is more visual, such as Rest-
lessness and Difficulty Relaxing, place slightly larger weight
on the image stream, whereas classes whose signal is more
linguistic, such as Excessive Worry, place slightly larger
weight on OCR. The total deviation from uniformity is
small, and the full model benefits from all three streams in
our ablations.

6.2. Prototype geometry

The prototype head computes class scores as the cosine
similarity between the normalised fused vector f/∥f∥ and
each normalised row Pc/∥Pc∥, which means the trained
prototypes are most informative when read as directions.
Figure 5 reports the pairwise cosine similarity matrix of
P at convergence (off-diagonal entries only), and Figure 6
visualises the same prototypes after a three-component PCA.

After joint optimisation with cross-entropy and the con-
trastive auxiliary, the six off-diagonal cosines lie in roughly
[−0.16, 0.11] with a mean absolute value of about 0.07,
so the anchors remain separated rather than collapsing to
similar directions. Figure 6 shows the same geometry as
a three-dimensional projection: the six directions occupy
distinct regions of the projection, which is the geometric
counterpart of the small off-diagonal cosines in Figure 5.

7. Discussion
TCAF has a small trainable head and short training time,
which makes the task-specific component easier to repro-
duce and audit. The overall picture from the analyses in Sec-
tion 6 is that performance is supported by all three modality
streams, with small class-specific shifts in modality weight
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Figure 5. Pairwise cosine similarity of the trained prototype matrix
P on AxiOM. Diagonal entries (equal to one) are masked to high-
light the off-diagonal structure that matters for class separation.
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DR: Difficulty Relaxing, EW: Excessive Worry, ID: Impending Doom, LWC: Lack of Worry Control, NV: Nervousness, RST: Restlessness

Figure 6. Prototype vectors after PCA projection to three dimen-
sions and renormalisation to unit length. The plot is a visualisation
of relative directions, not the space used by the classifier.

in the run we analyse. The hardest classes are those whose
visual and textual signal overlaps with neighbouring cat-
egories, and the per-class F1 distribution makes this gap
explicit rather than averaging it away.

Why frozen features. At the dataset scales studied here,
the trainable head sees only a few thousand labels. In our
experiments, updating larger backbones was less stable at
this dataset scale; freezing the encoders and learning only
the fusion mapping concentrates the trainable surface where
the small label budget is best spent, which is consistent with
the linear-probing observations of Kumar et al. (2022). This
efficiency claim concerns task-specific trainable parameters
and training cost; inference still uses the frozen CLIP and
MentalBART feature extractors.

Why a per-feature gate. Each modality has different
noise behaviour: the image can be a generic stock pho-
tograph, the OCR can be a single word, and the reasoning
triples are often more verbose and structured. AGTF lets
the model assign each individual feature dimension of the
concatenated vector a relevance score, which we view as a
finer-grained alternative to a global multiplicative gate. The
three-way modality gate preserves the per-feature operation
but adds a small modality-level prior.

7
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8. Ethics and Limitations
Our task is fine-grained classification of symptoms expressed
in publicly posted memes. The labels are dataset annotations
of how a meme reads, derived from clinical questionnaires
(GAD-7 for AxiOM and PHQ-9 for RESTORE) and pro-
duced under the protocols described in the original dataset
papers; they are not assessments of any individual’s clinical
state. The model produced here is a research tool for symp-
tom classification in meme content and is not a diagnostic
system.

Mental-health expression is strongly culturally situated. Fig-
urative language, irony, and visual conventions vary across
communities, and a model trained on a single annotation
pool will systematically misread content from communi-
ties that are under-represented in that pool. Both AxiOM
and RESTORE are English-language and platform-specific,
which limits external validity. Inter-annotator agreement on
figurative affective content is also modest, and the classes
we predict are not mutually exclusive in human terms.

A model that flags depression or self-harm content carries
dual-use risk. We recommend that downstream consumers
of any released checkpoint treat its predictions as one of
several signals for human review rather than as a stand-alone
classifier, and that they couple deployment with calibrated
uncertainty estimates and clear non-clinical disclosure. Our
main results are from a validation-selected single run; report-
ing variance over multiple seeds, comparing against zero-
shot vision-language model baselines, and testing cross-
dataset generalization are important directions we leave to
future work.

9. Conclusion
We presented TCAF, a trimodal classifier for fine-grained
anxiety and depression symptom classification in memes.
With only 1.7M trainable parameters on top of three frozen
pretrained encoders, TCAF reaches 0.7067 macro-F1 on
AxiOM and 0.6857 macro-F1 on RESTORE, improving on
the prior trimodal state of the art on AxiOM under the same
split and achieving strong performance on the official RE-
STORE test set. We provided per-class confusion analyses,
a per-class reading of the modality gate, and a geometric
study of the trained prototype directions.
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A. Per-class results on RESTORE
Figure 7 shows the per-class F1 of TCAF on RESTORE.
Three classes (Concentration Problem, Eating Disorder, and
Sleeping Disorder) reach an F1 above 0.80, while the rare
Lack of Interest class is the hardest, reflecting both its low
support and overlap with Feeling Down. Figure 8 reports the
per-class binary confusion matrices that produced these F1
values; the false-negative rate dominates for the rare classes,
which is the expected behaviour of a thresholded sigmoid
head under the imbalanced positive rate.
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Figure 7. Per-class test macro-F1 on RESTORE. Class abbrevia-
tions are listed below the panel.
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Figure 8. Per-class test confusion matrices on RESTORE. Each
panel corresponds to a single binary symptom.

B. Per-class decision thresholds for RESTORE
The per-class sigmoid thresholds for the validation-best
configuration are reported in Table 3. They are obtained
through a per-epoch search on the validation split during
training and frozen for inference.

C. Hyperparameters and reproducibility
For both datasets we use AdamW with weight decay 0.05,
gradient clipping at 1.0, and a cosine learning-rate sched-
ule. The peak learning rate is 7 × 10−5 for AxiOM and

Table 3. Per-class sigmoid decision thresholds used at inference
on RESTORE.

Class Threshold

Concentration Problem 0.46
Eating Disorder 0.73
Feeling Down 0.25
Lack of Interest 0.16
Low Self-Esteem 0.34
Self-Harm 0.49
Sleeping Disorder 0.62

3× 10−4 for RESTORE, with batch size 32. Early stopping
triggers after ten epochs without an improvement in vali-
dation macro-F1. The supervised contrastive temperature
is τ = 0.1 and the auxiliary weight is 0.1. The Asym-
metric Loss for RESTORE uses γ+ = 0, γ− = 1.5, and
cclip = 0.05. Weight averaging on AxiOM is computed
over the top five checkpoints by validation macro-F1 and
accepted only if its validation macro-F1 stays within 0.005
of the best single checkpoint.

D. Trainable parameters versus accuracy
Figure 9 plots trainable parameter count against AxiOM
test macro-F1 for TCAF and the strongest fully fine-tuned
baselines reported in Mazhar et al. (2025). TCAF occupies
the upper-left region: it reaches the highest macro-F1 in
the comparison while updating about 70 times fewer train-
able parameters than the next strongest model. The plot
also makes clear that across the fine-tuned baselines, addi-
tional trainable parameters do not translate into proportional
accuracy gains at this dataset scale.
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Figure 9. Trainable parameters (millions, log scale) versus AxiOM
test macro-F1. TCAF (red star) reaches the highest macro-F1 in
the comparison while updating about 70 times fewer trainable
parameters than the fully fine-tuned baselines.
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Figure 10. Auxiliary studies on AxiOM.

E. Loss function and learning-rate sensitivity
Figure 10 reports two auxiliary studies on AxiOM. Fig-
ure 10 (a) compares loss configurations applied to the same
TCAF head and the same hyperparameters: weighted cross-
entropy with a supervised contrastive auxiliary term gives
the most robust combination, while focal loss alone under-
performs because the class imbalance in AxiOM is mild
(class weights already address it). Figure 10 (b) sweeps the
peak learning rate around the chosen value of 7 × 10−5;
performance peaks sharply at this setting and degrades on
either side, with rates above 1× 10−4 destabilising the con-
trastive signal and rates below 3× 10−5 underfitting at the
early-stopping budget.
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