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Abstract
We describe the TVKS submission to the MM-
Low 2026 shared task on multilevel classifi-
cation of Tamil political memes, which asks
systems to predict a stance label (Level 1: Sup-
port/Praise vs. Troll/Oppose) and a four-way
target label (Level 2) that combines stance with
a Person/Party distinction. We factorize the
Level 2 label into two binary axes—stance
and person/party target—reconstructing Level
2 as their product rather than predicting four
classes directly. A flat four-way head drives
the rarest class (Troll/Oppose Against Party)
to an F1 of 0.000; factorization recovers a
non-degenerate prediction over all four classes.
We also fix a calibration failure caused by
stacking a class-balanced sampler with a class-
weighted loss, and combine two multimodal
models (MuRIL + ViT and MuRIL + ResNet-
50) in an axis-wise ensemble that routes each
binary axis to its stronger model. Our system
reaches a macro-F1 of 0.8594 on Level 1 and
0.5926 on Level 2 (mean 0.7260), ranking sec-
ond of seven teams. An error analysis attributes
77% of Level 2 errors to the person/party axis,
where architecturally distinct visual encoders
converge to the same ceiling—evidence that the
residual gap is dataset ambiguity rather than a
modelling deficiency.1

1 Introduction

Political memes have become a dominant medium
of online political communication. Their multi-
modal composition—an image, embedded text,
symbols, and cultural context—lets them convey a
stance even to audiences with limited command of
the underlying language, which also makes them
difficult to analyse automatically, especially for
low-resource and code-mixed languages such as
Tamil. The MMLow 2026 shared task (Rajiakodi
et al., 2026) frames this as hierarchical classifica-
tion of Tamil memes along two levels: a binary

1Code: https://github.com/KevinselvaK/
tvks-mmlow2026.

stance (Level 1) and a four-way target that pairs
stance with whether the meme is directed at a per-
son or a party (Level 2). Both levels are scored
independently by macro-averaged precision, recall,
and F1.

A naive solution predicts the four Level 2 classes
with a single softmax head. On this dataset
that choice is actively harmful: the rarest class,
Troll/Oppose Against Party (146 of 969 training
examples), collapses to an F1 of 0.000, and no
amount of threshold tuning recovers a class the
head never predicts. Our system is built around
avoiding this failure mode.

Our contributions are: (i) a factorized
stance × target formulation that decomposes Level
2 into two binary axes and reconstructs it as their
product, preventing the rare-class collapse of a flat
head; (ii) a diagnosis and fix of a calibration failure
that arises from stacking two independent class-
balancing mechanisms; (iii) an axis-wise ensemble,
enabled by the factorization, that routes stance and
target to different multimodal models; and (iv) an
error analysis with perfect-axis ceilings and three
converging negative results that localise the resid-
ual gap to the person/party axis and characterise it
as a data ceiling rather than a modelling limitation.

2 Related Work

Multimodal meme classification was popularised
by the Hateful Memes Challenge (Kiela et al.,
2020), which established the joint modelling of
image and embedded text as a distinct problem
from unimodal classification. For Dravidian lan-
guages, prior shared tasks have targeted Tamil
memes specifically: the TamilMemes troll cor-
pus (Suryawanshi et al., 2020) and the associated
shared task on troll meme classification (Suryawan-
shi and Chakravarthi, 2021), as well as multi-
modal meme classification for Tamil and Malay-
alam more broadly (Chakravarthi et al., 2024). Our
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task differs in requiring a two-level hierarchical
output combining stance and target. On the mod-
elling side, severe class imbalance is commonly
addressed with re-weighting or re-sampling, and
with loss functions such as focal loss (Lin et al.,
2017); these remedies are output-agnostic, easing
learning of the rare class without changing what
is learned, since a single softmax still allocates
mass across all classes from one shared representa-
tion. Our factorization instead changes the output
structure itself: decomposing the rare four-way
label into two well-populated binary axes means
the rarest joint class (146/969 examples) need not
compete directly against classes it is outnumbered
by 3.7:1 in a shared softmax—closer in spirit to
structured/hierarchical output decomposition than
to reweighting. Our ablation (Table 3) isolates this
effect from calibration and ensembling, showing
the F1 = 0.000 → 0.438 jump is attributable to the
restructuring alone. We build on MuRIL (Khanuja
et al., 2021) for text and on ViT (Dosovitskiy et al.,
2021) and ResNet-50 (He et al., 2016) for images.

3 Task and Data

3.1 Task Definition

Each meme is annotated at two levels. Level 1 is
a binary stance: Support/Praise vs. Troll/Oppose.
Level 2 has four classes formed by pairing the
stance with a Person/Party target: {Support for
person, Support for party, Troll/Oppose Against
Person, Troll/Oppose Against Party}. Systems
are evaluated per level with scikit-learn’s macro-
averaged report (Pedregosa et al., 2011). We treat
the two levels as separate scored tasks, in line with
the evaluation.

3.2 Data and Label Distribution

The Tamil training set contains 969 labelled memes
and the test set 244 unlabelled memes (Rajiakodi
et al., 2026).2 Table 1 gives the label distribu-
tion. Level 2 is severely imbalanced: Troll/Oppose
Against Person dominates (547) while Support
for party is rarest (99), and the party target is a
global minority (245 vs. 724 person-target memes).
Six rows have empty text; five rows have a Level
1/Level 2 stance mismatch. Because of those

2A regex resolver maps each integer image id to its file,
tolerating zero-padding and prefixes. Training rows whose
image cannot be resolved are dropped; all counts reported here
are annotation counts. Every test id is predicted, using a gray
placeholder image for any unresolved test file.

Class Level 1 Level 2

Support/Praise 277
Support for person 177
Support for party 99

Troll/Oppose 692
Troll/Oppose Against Person 547
Troll/Oppose Against Party 146

Person-target (all) 724
Party-target (all) 245

Total (train) 969
Total (test) 244

Table 1: Training-set label distribution; the test set (244
memes) is unlabelled. The rarest Level 2 class (Support
for party) has 99 examples and the party target axis is a
minority (245 vs. 724). Five rows have a Level 1/Level
2 stance mismatch and six have empty text.
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Figure 1: Factorized multimodal architecture. Text
(MuRIL) and image (ViT or ResNet-50) are encoded
separately, normalised per modality (LN), fused by an
MLP, and read out by two binary heads. Level 2 is re-
constructed from the (stance, target) pair via Eq. 1.

five hierarchy violations, we derive both axis la-
bels directly from the Level 2 string—stance from
whether the label begins with “Support”, target
from whether it contains “party”—so that each axis
is trained and scored against its own consistent
ground truth rather than an occasionally contradic-
tory Level 1 column. Because official test labels are
not released, we cannot directly measure whether
this relabeling altered the OOF–test ranking; the
small OOF→test drop reported in Table 2 (§5) is
consistent with no adverse effect, but this is not a
direct verification.

4 System

4.1 Axis Factorization
Instead of a four-way head, we predict two binary
variables: stance s ∈ {0, 1} (support/troll) and
target t ∈ {0, 1} (person/party). Level 2 is recon-
structed deterministically from the pair,

ŷ2 = M
[
(ŝ, t̂)

]
, (1)

where M maps each of the four (s, t) combina-
tions to its Level 2 string. This is the same in-
formation a flat head must learn, but expressed
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so that every combination—including the rare
Troll/Oppose Against Party (s=1, t=1)—remains
reachable whenever both axes fire, regardless of
how few joint examples exist. A flat softmax, by
contrast, must allocate probability mass to a class it
sees 146 times against competitors it sees up to 547
times, and in practice never predicts it (F1 = 0.000).
Figure 1 shows the resulting architecture.

4.2 Multimodal Encoders

Both models pair a MuRIL text encoder (768-dim)
with an image encoder. MuRIL is pretrained on
Indian languages including transliterated and code-
mixed text, so it handles the Tamil–English (Tan-
glish) code-mixing present in these memes without
special preprocessing. Model M1F uses a ViT-
B/16 encoder and M2F-v2 uses ResNet-50 (2048-
dim pooled features). We take the text [CLS]
embedding and the image representation, apply
a per-modality LayerNorm to each, concatenate,
and pass the result through a two-layer fused MLP
feeding the two binary heads. Per-modality normal-
isation is not cosmetic: without it, the 2048-dim
unnormalised ResNet features dominate the 768-
dim MuRIL embedding and the stance axis col-
lapses toward a near-constant prediction, sharply
degrading Level 1 macro-F1. Normalising each
modality to a common scale, together with dual
learning rates—2 × 10−5 for the pretrained en-
coders and 1 × 10−3 for the fusion and heads—
keeps both modalities contributing. We use per-
modality LayerNorm rather than learned linear
projections because the mismatch is one of scale,
not subspace: both encoders produce pooled, se-
mantically comparable representations differing by
roughly an order of magnitude in norm, which Lay-
erNorm corrects with no added parameters and
no projection-overfitting risk given our modest la-
bel budget. MuRIL, ViT-B/16, and ResNet-50
were chosen deliberately: MuRIL’s pretraining
on transliterated, code-mixed Indian-language text
handles Tanglish without preprocessing, while ViT
and ResNet-50 are architecturally distinct (global
attention vs. local convolution) so the ensemble
in §4.4 combines complementary, not redundant,
visual errors.

4.3 Calibration: Removing Compound
Balancing

Our first ResNet model was badly miscalibrated
on stance, systematically over-predicting Support.
The cause was compound balancing: the training

sampler already rebalanced stance toward 50/50,
and the cross-entropy loss was also class-weighted
toward the minority stance, so the two corrections
stacked and pushed predictions past the decision
boundary. The fix is to apply exactly one balancing
mechanism to stance. We keep a softened sam-
pler (sampling weights raised to the power 0.5,
which partially rebalances without fully flattening
the prior) and make the stance cross-entropy un-
weighted; the target cross-entropy remains class-
weighted, since the sampler does not balance the
target axis. This single change raised Level 1
macro-F1 at the default threshold from 0.649 to
0.839—a calibration gain, obtained with no thresh-
old tuning.

4.4 Axis-Wise Ensemble and Operating Points

Factorization lets us ensemble each axis indepen-
dently. Given per-axis probabilities from the two
models, we blend

s = ws s1 + (1−ws) s2, t = wt t1 + (1−wt) t2,
(2)

and select the blend weights (ws, wt) together with
per-level decision thresholds to maximise each
level’s macro-F1 on cross-validated out-of-fold
(OOF) predictions. The selected operating points
are ws = 0.70 and wt = 0.70, both favouring
M1F (the ViT-based model), with Level 1 deci-
sion threshold T1 = 0.31 and Level 2 thresholds
T2S = 0.32 (stance) and T2T = 0.48 (target). Both
axes draw more heavily on M1F, though the en-
semble still meaningfully incorporates M2F-v2 on
both—reflecting complementary rather than one-
model-dominant error patterns, and precisely what
the factorization makes possible by weighting each
axis independently. We also tested a CLIP-based
target specialist (Radford et al., 2021): added to
the target axis it did not improve held-out Level
2 (∆ ≈ −0.007) and was excluded from the final
system. All operating points are fixed on OOF and
applied unchanged to the test set.

4.5 Training Protocol

We use 5-fold stratified cross-validation on the four-
way Level 2 label (seed 42), selecting all mod-
els and operating points by OOF macro-F1 and
never by test performance. Models are trained
with the HuggingFace Transformers library (Wolf
et al., 2020), AdamW with decoupled weight de-
cay (Loshchilov and Hutter, 2019), a OneCycle
schedule, and mixed precision. Training is check-
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Level 1 Level 2 Final

Dev (5-fold OOF) 0.886 0.645 0.766
Official test 0.859 0.593 0.726

Rank 2 / 7

Table 2: System performance (macro-F1). Dev scores
are 5-fold OOF estimates used for model selection (boot-
strap 95% CIs: Level 1 [0.862, 0.909], Level 2 [0.610,
0.682]); test scores are the official leaderboard. The
small OOF→test drop shows the OOF-selected operat-
ing points generalised.

Configuration Level 1 Level 2

Flat 4-way head — 0.381
+ axis factorization 0.649 0.438
+ calibration fix 0.839 0.612
+ axis-wise ensemble 0.886 0.645

Table 3: Development ablation (5-fold OOF macro-
F1). Under the flat four-way head the rarest class
(Troll/Oppose Against Party) collapses to F1 = 0.000;
factorization restores a non-degenerate distribution over
all four classes, reflected in the Level 2 gain. The flat
head’s Level 1 is obtained by marginalising its four-way
output and is omitted as not directly comparable.

pointed per fold so runs resume after interruption,
and only compact per-fold prediction arrays are
retained. Full hyperparameters are in Appendix A.

5 Results

5.1 Main Results

Table 2 reports our development and official results.
Our submission placed second of seven teams, with
a test macro-F1 of 0.8594 on Level 1 and 0.5926
on Level 2 (mean 0.7260). The OOF→test drop
is small (−0.027 on Level 1, −0.052 on Level
2), indicating that operating points selected on
cross-validated OOF transferred to unseen data
without overfitting. The top-ranked system (final
score 0.7860) exceeded ours by 0.060; roughly two-
thirds of the raw difference lies on Level 2 rather
than stance, i.e. on exactly the person/party axis
our error analysis (§6) identifies as the ceiling.

5.2 Ablation

Table 3 traces each design decision on OOF. The
flat four-way head drives the rarest class (Against-
Party) to F1 = 0.000; factorization lifts that class
off zero and improves Level 2 overall. Removing
the redundant stance weighting then recalibrates

Supp. Troll

Supp.

Troll

218 59

28 664

(a) L1

S-P S-Pty T-P T-Pty

S-P

S-Pty

T-P

T-Pty

130 15 29 3

25 47 10 17

22 7 467 51

2 4 72 68

(b) L2

Figure 2: OOF confusion matrices: (a) Level 1, (b)
Level 2 (S-P/S-Pty = Support person/party; T-P/T-Pty
= Troll/Oppose Against person/party). Off-diagonal
mass sits mainly between the two Troll/Oppose classes,
confirming target-, not stance-axis, confusion drives
residual error (§6).

and improves both levels, and the axis-wise ensem-
ble adds a further gain by routing each axis to its
stronger model.

6 Error Analysis

Because the factorization exposes each axis sepa-
rately, we can decompose Level 2 errors exactly.
On OOF, the stance axis reaches 0.922 accuracy
while the target axis reaches 0.810, and 77% of
all Level 2 errors are target-axis (person-vs-party)
failures. Figure 2 shows the confusion matrices for
both levels, visually confirming that target confu-
sion, not stance confusion, is the dominant error
mode.

The confusion is strongly one-directional: party-
target memes are frequently predicted as person-
target, while the reverse is rare—the model defaults
to the majority (person) target under uncertainty.
Quantitatively, 44.5% of true party-target memes
(109/245) are misclassified as person-target, versus
only 10.5% of true person-target memes (76/724)
misclassified as party-target—a more than four-
fold asymmetry.

The highest-confidence errors support the
annotator-intent explanation directly: several
Against-Party memes name a specific office-holder
prominently (e.g., a welfare-promise meme naming
the sitting Chief Minister), which the model reads
as person-directed despite the party-coded label;
conversely, some Support-for-person memes dis-
play a party name or acronym that pulls the model
toward a party-target prediction. In both directions,
the surface cue that seems most informative—a
named person or party string—points to the wrong
axis relative to the annotation.

The perfect-axis ceilings make the headroom

73



explicit. If the target axis were perfect, Level 2
would reach 0.891; if the stance axis were perfect,
only 0.734. The target axis is unambiguously the
bottleneck.

Three converging negative results bound that
ceiling. First, a party-name lexicon is non-
discriminative: party tokens appear at nearly equal
rates in person-target and party-target memes, so
surface party mentions do not signal the target.
Second, named-entity features—politician-to-party
mappings and multi-camp conflict detection—carry
no discriminative power for the person/party dis-
tinction. Third, two architecturally distinct visual
encoders, ResNet-50 and CLIP, plateau at essen-
tially the same target-axis F1. Together these indi-
cate that whether a meme targets a person or their
party is largely an annotator intent judgment rather
than a property recoverable from the image or text
surface—a dataset-level ceiling rather than a defi-
ciency of any one model. Region-specific vision
backbones pretrained on Indian political iconogra-
phy and OCR-based on-image text extraction are
two concrete, low-cost directions for probing this
ceiling further without new annotation.

7 Conclusion

We presented an axis-factorized multimodal sys-
tem for hierarchical classification of Tamil political
memes. Factorizing Level 2 into stance and target
axes prevents the rare-class collapse of a flat head;
removing a compound-balancing calibration bug
recovers stance calibration without threshold tun-
ing; and an axis-wise ensemble routes each axis to
its stronger model. The system ranked second of
seven teams. Our analysis localises the remaining
gap to the person/party axis and gives converging
evidence that it is data-bound. Promising directions
are entity-aware pretraining and external political
knowledge to inform the target judgment, larger
annotated data, and sharper annotation guidelines
for the person/party boundary.

Limitations

Our study covers a single language (Tamil) and a
single dataset of modest size (969 training memes),
so the findings may not transfer to other languages
or domains; we did not evaluate on a second dataset,
and generalization to other political-meme cor-
pora (different parties, time periods, or annotation
schemes) remains untested. Because the official
test labels are not released, our per-class and axis-

decomposed error analysis is computed on cross-
validated OOF predictions rather than the test set;
the perfect-axis ceilings are therefore estimates
of headroom on development data. We did not
conduct an inter-annotator agreement study, so the
claim that the person/party distinction is annotator
intent is inferred from converging negative results
rather than measured directly.

Ethical Considerations

The dataset consists of real political memes and
reflects a specific period and discourse; our models
predict expressed stance and target, not the truth or
legitimacy of any claim. Systems trained on such
data could be misused for censorship or surveil-
lance of political speech, and could encode the
biases of the annotation process. We release our
work for research on multimodal understanding
of low-resource political discourse and do not ad-
vocate its use for automated moderation without
human oversight.
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A Hyperparameters

Selected operating points (OOF). Stance blend
ws = 0.70; target blend wt = 0.70 (both favouring
M1F); Level 1 decision threshold T1 = 0.31; Level
2 thresholds T2S = 0.32 (stance) and T2T = 0.48
(target). These values are chosen on cross-validated
OOF and applied unchanged to the test set.

Setting Value

Text encoder MuRIL (muril-base-cased)
Image encoder ViT-B/16 (M1F) / ResNet-50 (M2F-v2)
Folds 5 (StratifiedKFold on Level 2)
Epochs 8
Batch size 16
Max text length 128
Image size 224
LR (text / image) 2× 10−5 / 2× 10−5

LR (fusion / heads) 1× 10−3

Optimizer / sched. AdamW / OneCycle (warmup 0.1)
Sampler power 0.5 (stance)
Stance CE unweighted
Target CE class-weighted
Grad clip 1.0
Seed 42
Blend weights (ws, wt) 0.70, 0.70
Thresholds (T1; T2S , T2T ) 0.31; 0.32, 0.48

Table 4: Full training configuration.
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