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Abstract

Harmful meme detection requires a stable un-
derstanding of how the image and the text work
together. Since the text is already given as exter-
nal input, a natural test is whether predictions
remain stable when the corresponding visible
text is removed from the image. Motivated by
test-time multi-view inference, we build a text-
erased reference view by keeping the external
text unchanged and removing the visible text.
If the model uses the external text in a stable
way, this change should not greatly affect its
harmfulness prediction. However, we observe
clear score shifts and prediction flips, showing
cross-view instability under fixed external text.
We further find that the cross-view change after
neutral-probe filtering is related to error risk,
S0 it can serve as a test-time diagnostic signal.
Based on this finding, we propose TIDC, a
test-time framework that uses the filtered sig-
nal to calibrate the original-view score. We
also provide theoretical analysis to support the
diagnostic signal and calibration design. Exper-
iments on HarM, FHM, and MAMI show that
TIDC improves zero-shot performance across
frozen multimodal backbones, without parame-
ter updates or reasoning chains.

1 Introduction

With the rapid growth of social media, memes have
become a widely used form of online expression
that combines images and text. This makes harmful
meme detection an important task in multimodal
content understanding and content safety. Unlike
standard image-text classification, the harmfulness
of a meme is often not determined by a single
modality. Instead, it depends on how the image and
the text are jointly composed, how they provide
context for each other, and what implicit meaning
emerges from their interaction (Kiela et al., 2020;
Pramanick et al., 2021a; Cao et al., 2022; Hee et al.,
2024; Yang et al., 2024). The same visual content
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Figure 1: Motivating examples. The comparison be-
tween (a) and (b) shows that, even when two original
memes share similar visual content, differences in tex-
tual content can lead to different harmfulness labels.
The comparison between (a) and (c) shows that, even
when the external text input is fixed, removing the cor-
responding visible text from the image to construct a
reference view can still change the model prediction.

may convey different meanings when paired with
different text, while the same text may lead to differ-
ent harmfulness judgments under different visual
contexts. As shown by the comparison between
panels (a) and (b) in Figure 1, differences in textual
content between memes with similar visual content
can substantially change the meme semantics and
lead to a different harmfulness judgment.

Therefore, the key challenge in harmful meme
detection is not only to recognize visual content or
understand text, but also to make stable judgments
from their interaction.

Recent multimodal models have improved mul-
timodal understanding (Liu et al., 2024; Dai et al.,
2023; Chen et al., 2023a; Yin et al., 2026), and
prior work has advanced harmful meme detection
through stronger representations, cross-modal fu-
sion, retrieval, prompting, multi-agent reasoning,
and external knowledge (Cao et al., 2022; Yang
et al., 2024; Mei et al., 2024; Liu et al., 2025; Garg
et al., 2025). Although these methods are effective,
they often improve performance by strengthening
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the model, augmenting the input, or using more
complex reasoning procedures. We study a com-
plementary test-time question: when model param-
eters and external text are fixed, can a controlled
image change reveal prediction instability and pro-
vide a useful signal for calibrating the original-view
score? Inspired by the multi-view idea of test-time
augmentation (Shanmugam et al., 2021), we con-
sider whether an additional view of the current
meme can expose such instability for a frozen mul-
timodal model. Harmful meme detection provides
a natural setting for this question. During infer-
ence, the model usually receives both the meme
image and external text. Thus, textual content may
enter the model through two channels: as visible
text in the image and as external text given to the
model. Based on this dual-channel setting, we con-
struct a text-erased reference view. Specifically, we
keep the external text unchanged, remove detected
visible-text regions from the image, and inpaint the
removed areas. The original and reference views
therefore use the same external text and mainly
differ in whether visible text remains in the image.
Importantly, the visible text and the external text
need not be identical. We only assume that the task-
relevant textual information is already contained in
the external text. When this holds, removing visible
text should not cause a large prediction shift.
However, we observe the opposite. As shown by
the comparison between panels (a) and (c) in Fig-
ure 1, removing the corresponding visible text can
change the model prediction even when the exter-
nal text input remains fixed. This suggests that the
model may not stably align the visible text with the
external text, and may fail to keep a consistent judg-
ment under fixed external text. We refer to this be-
havior as cross-view instability. Motivated by these
observations, we propose Test-time Intervention-
based Diagnosis and Calibration (TIDC), a training-
free framework for harmful meme detection. TIDC
first constructs a text-erased reference view under
fixed external text, and then compares the model
scores between the original view and the refer-
ence view. Because the reference view is cre-
ated by text erasure and local inpainting, the raw
cross-view change may include effects caused by
reference-view construction. To reduce these ef-
fects, TIDC uses a neutral probe to filter the raw
cross-view change. The filtered change is then used
as a sample-level diagnostic signal to calibrate the
original-view score. The final prediction is made
from the calibrated original-view score. The whole

process is performed only at test time, without up-
dating model parameters or relying on long-form
generative reasoning.

We evaluate TIDC on three harmful meme detec-
tion benchmarks: HarM, FHM, and MAMI. Experi-
ments show that TIDC improves zero-shot harmful
meme detection across frozen multimodal back-
bones. Further analysis shows that samples with
larger filtered cross-view changes are more likely
to be misclassified by the original-view prediction,
supporting the use of the filtered change as a test-
time diagnostic signal.

Our contributions are as follows:

* We show that removing visible text can cause
score shifts and prediction flips even when the
external text input is fixed, across datasets and
model sizes.

¢ We introduce TIDC, an inference-time cali-
bration method that uses a text-erased refer-
ence view to diagnose cross-view instability
under fixed external text, reduces reference-
view editing effects with a neutral probe, and
calibrates the original-view score.

* We provide a theoretical analysis from the
view-invariance perspective. We formalize
the filtered signal between the original and
reference views, and show that the calibration
objective can be viewed as a regularized view-
invariance loss.

2 Related Work

Harmful meme detection. Prior work has im-
proved harmful meme detection with stronger mul-
timodal representations, cross-modal fusion, re-
trieval or knowledge augmentation, prompting, and
multi-agent reasoning (Kiela et al., 2020; Praman-
ick et al., 2021a; Cao et al., 2022, 2023; Mei et al.,
2024; Yang et al., 2024; Huang et al., 2025; Liu
et al., 2025). TIDC instead calibrates a frozen
model at inference time using the current sample.

Test-time inference and calibration. Test-time
methods improve predictions using information
available at inference time, such as augmented
views, adaptation signals, or calibration objectives
(Shanmugam et al., 2021; Sun et al., 2020; Wang
et al., 2021; Zhang et al., 2022; Shu et al., 2022;
Wang et al., 2025; Ru et al., 2026; Hekler et al.,
2023). Unlike standard view aggregation, TIDC
uses the reference view to diagnose instability and
calibrate the original-view score.
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Figure 2: Prediction flips under fixed external text.
The prediction can flip between the original view and
the reference view while the external text input is kept
unchanged.

Controlled input edits. Controlled input edits
have been used to analyze unstable visual or cross-
modal cues (Agarwal et al., 2020; Chen et al.,
2023b). TIDC applies this idea by removing de-
tected visible-text regions while keeping the exter-
nal text fixed, treating the edited image as a diag-
nostic reference rather than a clean replacement.

3 Method

3.1 Motivation and Overview

TIDC is based on a simple view-invariance princi-
ple. When the external text is fixed and already pro-
vides the task-relevant textual content, the model’s
harmfulness judgment should not strongly depend
on whether the corresponding textual information
is also presented visually in the image. Thus, the
original view and the text-erased reference view
should produce similar harmfulness scores under
the same external text. A large score gap between
the two views indicates that the model prediction is
sensitive to the view identity, rather than being sta-
ble with respect to the underlying meme semantics.
In practice, this invariance is often violated. As
shown in Figure 2, removing visible text can cause
prediction flips even when the external text input
is unchanged. Such flips do not determine which
view is correct, but they directly reveal cross-view
instability under fixed external text.

This motivates using the cross-view score gap
as a sample-level diagnostic signal. However, the
reference view is constructed by text erasure and
local inpainting, so the raw gap may also contain
view-specific nuisance introduced by the image
editing process. TIDC therefore uses a neutral
probe to estimate this construction-induced gap.
By comparing the same two views under a fixed

neutral text, TIDC filters the raw cross-view gap
and obtains a filtered change that better reflects the
model’s violation of view invariance.

The full TIDC pipeline is shown in Figure 3.
TIDC first constructs a text-erased reference view,
and then compares the original and reference views
under both the sample external text and a neutral
probe to obtain the filtered change. This signal
is used to select a calibration strength and to pre-
dict from the calibrated original-view score. The
method is applied only at inference time, without
parameter updates or long-form generation. We
also provide a theoretical analysis of the diagnostic
signal and the calibration objective.

3.2 Task Setting and Harmfulness Score

Let (V;(O),TZ-, Y;) be the i-th test sample, where
VZ-(O) is the original meme image, 7; is the external
text, and Y; € {0, 1} is the label, with 1 indicating
harmful and 0 benign. The model parameters 6 are
kept frozen. TIDC uses a continuous harmfulness
margin rather than only a discrete predicted label.
The continuous score captures how the model score
moves across different views, and is therefore more
suitable for cross-view diagnosis and calibration.

Let f9(w | V,T') denote the logit of answer to-
ken w under the image-text input (V,T'). Let Wy
and Wpx denote the candidate answer-token sets for
the harmful and benign classes. For any candidate
set W, we define the aggregated logit as

Le(W | V,T) =log Y explo(w | V,T). (1)
weW

The harmfulness score is defined as

sg(V,T) = Lo(Wg | V,T) — Le(Wp | V,T).
2
The model predicts the harmful class when
sp(V,T) > 0, and the benign class otherwise. This
score can be viewed as a signed margin, and its
absolute value gives the size of the logit margin.

3.3 Reference View Construction

As shown in Figure 3(A), TIDC constructs a text-
erased reference view to examine the model’s sen-
sitivity to visible-text presentation under fixed ex-
ternal text. The goal is not to remove all image
content, but only to process the visible-text regions
detected by OCR.

Given the original image Vi(o), TIDC first uses
an OCR text detector to locate visible-text regions
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Figure 3: Overview of TIDC. Given an original meme image and its external text, TIDC first constructs a text-erased
reference view by removing detected visible-text regions while keeping the external text fixed. It then scores the
original and reference views under both the sample external text and a fixed neutral probe, obtaining the raw
cross-view gap g; and the neutral-probe gap gy ;. The neutral-probe gap is used to filter construction effects from
the raw gap, producing the filtered change A;. Finally, TIDC selects a calibration strength along a symmetric path

and predicts from the calibrated original-view score.

in the image. It then expands the detected boxes by
a fixed margin to cover text boundaries and residual
text pixels, and merges all expanded boxes into a
text mask M;. Finally, TIDC performs text erasure
and local inpainting only inside the mask, obtaining
the reference view:

v = o, ). 3)

Here, ® denotes the local text-removal operator.
It keeps pixels outside the mask unchanged, and
fills the removed regions inside the mask with an
inpainting model. The original view Vi(o) and the

reference view Vi(T) are both paired with the same
external text 7;. Thus, this intervention changes
only the visible-text regions while keeping the ex-
ternal text received by the model unchanged.

Since the reference view is produced by auto-
matic detection, mask expansion, and inpainting,
it may contain local editing artifacts. For exam-
ple, OCR may miss text or falsely detect non-text
regions, the mask may cover nearby regions, and in-
painting may change local texture or saliency. For
this reason, TIDC uses the reference view as a diag-
nostic view rather than as a noise-free replacement
for the original image.

3.4 Cross-view Signal and Neutral Probe

After obtaining the reference view, TIDC computes
harmfulness scores for four image-text pairs for
each test sample, as shown in Figure 3(B) and Fig-
ure 3(C). All scores are computed by the margin
score defined above. Under the sample external
text T;, we compute the original-view score, the
reference-view score, and their raw cross-view gap
as

s = 5O, 1),
sz(-r) = s (Vi(r) 1), 4)
O

The sign of g; gives the direction of the score
change, and |g;| gives its magnitude. A predic-
tion flip is the discrete case where this gap crosses
the decision boundary, while the continuous gap
also keeps information from samples whose scores
move clearly without a label flip.

Because the reference view is produced by text
erasure and inpainting, g; may include responses
caused by local editing. To provide a reference
for this part, TIDC replaces the sample external
text with a fixed neutral text 7}, such as “An image
containing visual content.”, and evaluates the same
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two views again. The corresponding neutral-probe
scores and gap are

850@) = so(V;\", Ty),
s = sV, Ty, (5)

The gap gp ; measures how much score difference
still appears between the same original and refer-
ence views when the sample-specific external text
is replaced by a fixed neutral text.

TIDC uses it to filter the raw gap. Let [z]; =
max(z,0) and set sign(0) = 0. The filtered
change is defined as

A; = sign(gi) [|gil — lgl] . - (6)

This definition keeps the direction of the raw gap
and subtracts the magnitude of the neutral-probe
response. When |gg ;| > |g;|, we have A; = 0.
When gy, = 0, we have A; = g;. Therefore,
A; is the sample-level cross-view signal used for
calibration.

3.5 Reference-guided Score Calibration

TIDC uses the filtered change A; to calibrate
the original-view score. The calibration strength
a € [0, 1] controls how much of the filtered change
is used for the current sample: o = 0 keeps
the scores unchanged, while @ = 1 removes the
filtered component of the original-reference gap
along the symmetric calibration path. Since A; is
already obtained after subtracting the neutral-probe
response from the raw gap, we restrict « to [0, 1]
to avoid reversing the correction direction or using
a correction larger than the diagnosed signal.
For a candidate o, TIDC defines

57 (a) = 5\ = SA,
(r) (r) g‘ ™
57 (a)=s;"" + §Ai.

This path changes the original-reference gap
from g; to g; — a\;, while preserving the score
center of the two views. Here, o € [0, 1] controls
the correction strength. Given «, each calibrated
score is converted to a harmfulness probability
57(0) = o (57 (@),

)

z €{0,r}.

Let QEZ)(a) = Bern(p(z) () be the correspond-

%

ing Bernoulli predictive distribution. We denote

by D;(«) the Jensen—Shannon divergence between
Q\”(a) and Q\"”(a), and by H;(a) the average
entropy of the two Bernoulli distributions.

The sample-specific calibration strength is se-
lected by

of = argmin [D;(a) + Hi(a) + Xa?] . (8)
acA

The values of A4 and A\ are given in Section 4.1.
Here, D;(«) measures the remaining disagreement
between the two views, H; () controls prediction
uncertainty, and the quadratic term penalizes large
corrections.

After selecting ', TIDC predicts from the cali-
brated original-view score:

TIDC __ _(0)
5 =95

g = 1[s{P¢ > 0].
©)

3.6 Theoretical Analysis

Using the notation defined above, we analyze TIDC
from the view-invariance perspective. Full proofs
are given in Appendix A. For analysis, we write
the original view as Vi(o) = (X;, 0;) and the ideal

reference view as VZ-(T) = (X;,0).

Assumption 1. We use the following idealized
condition: if 7; already contains the task-relevant
text, then the visible-text region does not provide
additional label information:

P(Y; | X;,0; =0,T;) = P(Y; | X;,T),

o€ {0;,0}. (10)

This assumption concerns label information, not
the model’s response to the visual form of text.

Proposition 1. Under Assumption 1,

Py; | VO, 1) = Pv; | VI, Ty)

11
_pw Xy,

Thus, if Z € {0, r} denotes the view identity, then
Y; LZ | X;, T, and I(Y;; Z | X;,T}) = 0.

Assumption 2. The constructed reference view
may introduce local editing effects. We write

gi = Ti + €, (12)

where 7; is the view-dependent response and ¢;
is the construction nuisance. We assume that the
neutral probe bounds this nuisance:

leil < g, (13)
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This assumption formalizes the neutral-probe gap
as a sample-level upper estimate of construction-
induced nuisance. It is an analytical condition
rather than a claim that the bound always holds
exactly.

Proposition 2. Let b; = |gy ;|. Then
|A;| = min

(14)
eE[—bi,bi]

g — el.
When |g;| > b;, A; has the same sign as 7; and
|A;| < |7;|. The calibration path also satisfies

(0 -

SE )(a) - Sm(a) =9

— al\;, (15)

while preserving the two-view score center.

Proposition 3. For a view-invariant predictor R;,
define

Lifo, Bo) = 5OR(Q (), F)
1 (16)

Then

H]l%i_nﬁi(oé, R;) = Di(a) + Hi(a).  (17)

T

Therefore, TIDC selects o by minimizing

af = arg glei,{\l H}%iin Li(a,R) +Xa?|, (18)
which is a regularized view-invariant log-loss objec-
tive. Together, Propositions 1-3 provide a unified
interpretation of TIDC from the perspective of view
invariance, linking the desired invariance across
views, neutral-probe filtering, and sample-specific
calibration. Empirically, Figure 4 shows that larger
filtered changes are associated with higher error
rates on the full test sets.

4 Experiments

4.1 Experimental Setup

We evaluate TIDC on three harmful meme detec-
tion benchmarks: HarM (Pramanick et al., 2021a),
FHM (Kiela et al., 2020), and MAMI (Fersini et al.,
2022). Following MIND (Liu et al., 2025), we use
the same data splits and report accuracy and macro-
averaged F1.

All experiments are conducted in the zero-shot
setting with frozen model parameters: we do not
fine-tune on training samples or tune method set-
tings with test labels. Given the image and external

text, each model predicts with a fixed classification
instruction, and the classification score is computed
using the harmfulness score in Section 3.2.

We apply TIDC to several frozen multimodal
backbones, including LLaVA-1.5-7B, LLaVA-1.5-
13B, LLaVA-1.6-34B (Liu et al.,, 2024), and
Qwen2.5-VL-7B (Bai et al., 2025). We also com-
pare with commercial models, general-purpose
open-source multimodal models, and the zero-shot
harmful meme detection method MIND (Liu et al.,
2025). For each test sample, TIDC computes scores
for the original view, the text-erased reference view,
and the corresponding neutral-probe inputs. It then
performs sample-level calibration at inference time.

TIDC implementation. We construct the refer-
ence view with a fixed OCR-based text-erasure
pipeline. CRAFT (Baek et al., 2019) detects
visible-text regions, whose boxes are expanded by a
fixed margin and merged into a binary mask. LaMa
(Suvorov et al., 2022) then inpaints only the masked
pixels, leaving other pixels unchanged. The same
text detection, mask expansion, and inpainting set-
tings are used across all datasets and backbones.
For calibration, we search A = {0,0.1,...,1.0},
choose the smallest « in case of ties, and set A =
0.1 for all experiments. Details are in Appendix B,
with code at https://github.com/Mongodiem/
TIDC.

Text overlap. We independently recognize the
visible text and measure its lexical overlap with the
external text. Medium or high overlap is observed
in 68.9%, 96.2%, and 89.1% of HarM, FHM, and
MAMI samples, respectively. Details of text recog-
nition, normalization, and overlap computation are
provided in Appendix C.

4.2 Main Results

Table 1 reports the main zero-shot harmful meme
detection results. Overall, TIDC improves macro-
F1 over the corresponding frozen vanilla LLaVA
backbones and improves or matches accuracy. The
gains are especially clear for smaller open-source
models. This shows that test-time cross-view di-
agnosis and sample-level calibration can improve
frozen multimodal models without parameter up-
dates or long-form reasoning.

TIDC performs strongly on HarM. After cali-
bration, the LLaVA backbones clearly outperform
their vanilla counterparts, and reach or exceed sev-
eral stronger baselines in the table. This suggests
that model scale is not the only factor in zero-shot
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Model HarM FHM MAMI
Accuracy F1 Accuracy F1 Accuracy F1

GPT-40 (OpenAl, 2024) 67.51 60.29 68.80 68.25 81.00 81.00
Gemini-1.5-Flash (Reid et al., 2024) 66.10 64.18 60.20 58.90 76.40 74.29
LLaVA-1.5-7B (Liu et al., 2024) 59.23 49.44 53.80 45.51 52.90 41.53
InstructBLIP-7B (Dai et al., 2023) 51.13 50.99 52.00 48.85 53.10 46.93
MiniGPT-v2-7B (Chen et al., 2023a) 60.12 52.39 51.30 47.88 57.40 52.22
OpenFlamingo-9B (Awadalla et al., 2023) 63.42 54.36 50.50 49.52 54.70 49.88
LLaVA-1.5-13B (Liu et al., 2024) 62.28 50.45 55.20 53.01 60.10 55.52
InstructBLIP-13B (Dai et al., 2023) 64.92 49.61 55.40 51.89 60.00 57.97
MIND (LLaVA-1.5-13B) (Liu et al., 2025) 68.93 65.19 60.80 60.71 68.90 68.84
LLaVA-1.6-34B (Liu et al., 2024) 67.51 61.59 64.00 63.51 71.30 71.28
LLaVA-1.5-7B + TIDC 71.19 68.79 58.80 58.35 63.40 62.34
LLaVA-1.5-13B + TIDC 71.75 70.15 61.40 61.39 68.70 68.69
LLaVA-1.6-34B + TIDC 68.64 68.22 64.00 63.99 73.90 73.80

Table 1: Zero-shot harmful meme detection results. We report accuracy and macro-averaged F1. Best overall
results are underlined, and best results among the listed open-source entries are in bold.

Backbone | Setting || HarM FHM MAMI
| | Acc. F1 | Acc. F1 | Acc. F1
LLaVA-15-7B Vanilla 59.23 7 49.44 53.8(_) 4551 52.90 41.537 7
TIDC || 71.19(+11.96) 68.79(+19.35) | 58.80(+5.00) 58.35(+12.84) | 63.40(+10.50) 62.34(+20.81)
Vanilla 62.28 50.45 55.20 53.01 60.10 55.52
LLaVA-15-13B | pypy e 71.75(+9.47)  70.15(+19.70) | 61.40(+6.20) 61.39(+8.38) | 68.70(+5.60) 68.69(+13.17)
Vanilla 67.51 61.59 64.00 63.51 71.30 71.28
LLaVA-1.6-34B TIDC || 68.64(+1.13) 68.22(+6.63) | 64.00(+0.00) 63.99(+0.48) | 73.90(+2.60) 73.80(42.52)
Qwen2.5-VL-7B Vanilla 68.64 64.65 66.20 66.20 67.30 66.38
’ TIDC || 70.90(+2.26) 69.95(+5.30) | 66.80(+0.60) 66.78(+0.58) | 71.30(+4.00) 71.24(+4.86)

Table 2: Scalability analysis of TIDC. We report accuracy and macro-averaged F1 across model scales and
architectures. Green numbers indicate absolute gains over the vanilla baseline.

harmful meme detection. Even with fixed model
parameters, correcting sample-level instability at
test time can improve prediction reliability.

On FHM and MAMI, TIDC also improves the
open-source backbones. Commercial models re-
main strong on some metrics, but TIDC reduces
the gap between frozen open-source models and
stronger systems. These results show that TIDC
can serve as a lightweight test-time calibration mod-
ule for harmful meme detection.

4.3 Scalability across Backbones

Table 2 shows the effect of TIDC across model
scales and architectures. TIDC improves macro-F1
in all settings, and improves or matches accuracy.
This indicates that the filtered cross-view signal is
not tied to one specific backbone.

Smaller LLaVA backbones obtain larger gains.
This suggests that weaker models are more affected
by cross-view instability, and benefit more from
sample-level calibration. The larger LLaVA-1.6-
34B backbone still gains from TIDC, especially

in F1. Thus, increasing model scale can reduce
some errors, but does not fully remove cross-view
instability under fixed external text.

TIDC also improves Qwen2.5-VL-7B. This
shows that the method is not limited to the LLaVA
family. Since TIDC only uses score changes from
the frozen model, it can be used as a lightweight
test-time module for different multimodal back-
bones. Overall, TIDC complements backbone scal-
ing: scaling improves the base model, while TIDC
improves sample-level prediction stability.

Comparison with MIND. Table 3 compares
TIDC with MIND under the same LLaVA back-
bones. The improvements are most pronounced on
the 7B backbone, while the comparison is mixed
on larger backbones.

4.4 Analysis

Figure 4 shows how prediction errors change with
the filtered cross-view signal. Within each dataset,
we sort test samples by the pre-calibration value
of |A| and divide them into five equal-size groups.
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Backbone Method HarM FHM MAMI
Acc. F1 | Ace. F1 | Ace. F1
s 0 |58 | S S e o
e A
LLVA-L634B Tine | 65es 822 | 6400 6399 | 7350 7350

Table 3: Comparison with MIND under matched LLaVA backbones. We report accuracy and macro-averaged

F1. Best results within each backbone are in bold.

55
=@=— Vanilla
5071 -~ TIDC

35 4 | Ry SRy RS e |

Error rate (%)
ES

25 4= T T T T
Ql Q2 Q3 Q4 Qs
|Al group

Figure 4: Diagnostic and mitigation effects of the
filtered cross-view signal. Results are computed with
LLaVA-1.5-7B on the full test split. Samples are sorted
by the pre-calibration value of |A| and split into five
equal-size groups within each dataset. Bold lines show
the average over HarM, FHM, and MAMI, and faint
lines show per-dataset trends.

The vanilla error rate increases with |A|, showing
that larger filtered cross-view changes are associ-
ated with higher original-view error rates. Figure 4
also shows the effect of TIDC on the same groups.
TIDC gives lower error rates than vanilla across
the full range of |A|. The reduction is more pro-
nounced in groups with larger |A|. This matches
the design of TIDC: samples with larger filtered
cross-view discrepancy receive stronger sample-
level correction. The faint lines show that the trend
also appears within each dataset.

4.5 Ablation Study

Table 4 reports the ablation results on LLaVA-1.5-
7B. Raw-gap calibration removes neutral-probe fil-
tering and directly uses the raw cross-view gap g;.
Fixed-strength calibration keeps the filtered change
but fixes a to 1.

As a matched no-update baseline, ViewAvg di-
rectly averages the original- and reference-view

scores. On LLaVA-1.5-7B, ViewAvg obtains
macro-F1 scores of 63.75, 56.55, and 59.90 on
HarM, FHM, and MAMI, respectively, compared
with 68.79, 58.35, and 62.34 for TIDC. Thus, TIDC
improves over ViewAvg by 5.04, 1.80, and 2.44
macro-F1 points. Both calibration variants also
outperform the vanilla baseline, showing that the
reference view provides a useful test-time signal.
Raw-gap calibration remains below TIDC, which
indicates that the unfiltered gap is not the best cal-
ibration signal. Fixed-strength calibration also re-
mains below TIDC, suggesting that using a single
correction strength for all samples loses part of the
gain. The full TIDC obtains the best results on all
three datasets.

4.6 Inference Efficiency

Figure 5 compares the inference efficiency of TIDC
and CoT-style prompting. The CoT latency is nor-
malized to 1.0x, so a higher value means that
TIDC is faster. TIDC achieves clear speedups
across datasets and backbones.

The efficiency comes from direct scoring. TIDC
computes scores for the original view, the reference
view, and the neutral-probe inputs. Each pass is
a direct scoring query over candidate answers. It
does not generate a long reasoning chain. CoT-style
prompting instead relies on autoregressive gener-
ation, which is the main source of latency. Thus,
TIDC can be used as a low-overhead test-time cali-
bration module for frozen multimodal models.

5 Conclusion

We examine harmful meme detection under fixed
external text and find that erasing visible meme
text exposes cross-view instability in frozen mul-
timodal models. We propose TIDC, a test-time
framework that builds a text-erased reference view,
filters raw cross-view changes with a neutral probe,
and calibrates the original-view score. Experiments
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Method HarM FHM MAMI

Accuracy F1 Accuracy F1 Accuracy F1
Vanilla I 59.23 49.44 53.80 45.51 | 52.90 41.53
Raw-gap calibration 65.54 (+6.31)  64.45 (+15.01) | 57.90 (+4.10) 57.12 (+11.61) | 62.50 (+9.60) 61.45 (+19.92)
Fixed-strength calibration (o« = 1) || 69.49 (+10.26) 66.10 (+16.66) | 58.10 (+4.30) 57.84 (+12.33) | 61.50 (+8.60) 59.63 (+18.10)
TIDC 71.19 (+11.96) 68.79 (+19.35) | 58.80 (+5.00) 58.35 (+12.84) | 63.40 (+10.50) 62.34 (+20.81)

Table 4: Ablation study on LLaVA-1.5-7B. We report accuracy and macro-averaged F1. Raw-gap calibration
removes neutral-probe filtering, and fixed-strength calibration fixes & = 1. Numbers in green indicate absolute

gains over the vanilla baseline.

13.3x 13.4x

Baseline (CoT) = 1.0x
9.9x 9.9x
96 g.1x 8.9x
8.3x

6.8x

Speedup ratio
)

HarM FHM MAMI

LLaVA-1.5-7B

HarM FHM MAMI

LLaVA-1.5-13B

HarM FHM MAMI

LLaVA-1.6-34B

Figure 5: Inference efficiency. We report the relative
speedup of TIDC over CoT-style prompting. The CoT
latency is normalized to 1.0x. Higher values indicate
faster inference. TIDC avoids long-form autoregressive
reasoning and only performs direct scoring over candi-
date answers.

on HarM, FHM, and MAMI show that TIDC im-
proves zero-shot performance across frozen back-
bones without parameter updates or long-form rea-
soning. Future work will study stronger reference-
view construction and extend this diagnostic idea
to broader multimodal safety tasks.

Limitations

TIDC assumes that the external text already con-
tains the task-relevant textual information. If vis-
ible text provides additional label-relevant infor-
mation, or if typography or layout is task-relevant,
text erasure may remove valid evidence. Lexical
overlap provides only an indirect measure of this
condition, and OCR and inpainting may introduce
editing artifacts. The theoretical results apply under
the stated assumptions, and the current evaluation
is limited to three harmful meme benchmarks, with
smaller gains on stronger backbones.
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A Theoretical Proofs

This appendix proves the propositions in Sec-
tion 3.6. The notation follows the main text.

A.1 Proof of Proposition 1

Recall that
v = (x,00, V7 =(x,0). 19
By Assumption 1,
P(Y; | X;,0i=0,T;) = P(Y; | X;,T3),
(20)
o c {Oi, @}
For the original view,
P; | V% 1) = P(Y; | X;,0,,T;) e
For the ideal reference view,
P VO T) = PG| X0 T)
— P(Y; | X.,T)).
Combining Eq. (21) and Eq. (22),
PV T) = POV T)
For any z € {0,7},
P(Yi|Z=2X,T)) = P(Y; | X3, T;).  (24)
Thus,
Y, L 7| X, Ts, I(Yi; Z | X3, T;) = 0.
(25)
A.2 Proof of Proposition 2
Let
bi = |90, (26)
By Assumption 2,
gi = Ti + €, lei| < bi, € € [—b;, bi).
27)
The filtered change is
A; = sign(gi) [lgi| — i) - (28)
For any scalar x and any b > 0,
dist(z, [0, b]) = [Jx] — 0] . (29)
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Applying Eq. (29) with x = ¢; and b = b;,
Al = [lgs| —bil

_ . o (30)
oelPhis 9 7€
Assume |g;| > b;. Then
sign(A;) = sign(g;)- 3D
Since Ti = §i — €4,
sign(g:)7; = |gi| — sign(g;)e;
> |gil — leil (32)
> |gil = bi
> 0.
Hence,
sign(r;) = sign(4,). (33)
By the reverse triangle inequality,
|7i| = |gi — €il
> Jgi| = e -
> |gi| — bi
= |A;].
For the calibration path,
~ (6
50 (0) = 5" — S A,
(35)
(@) = + 2o
The calibrated gap is
~(0 ~ 0
500) =50 @) =5 =5 —ats g0
= — OéAZ'.

We denote this calibrated gap by g;(a) = 51(-0) (a)—

5" (). The score center is preserved:

0@ +57 @) s+ 5

= (37
2 2
If ’g1| < b;, then AZ = 0and
[Gi(a)| = bil L =0 = (1 —a)|A]. (38)
If |gi| > b;, then
A; = sign(gi)(|gi] — i), (39)
and
gi(a) = gi — al\;
) (40)
= sign(g;) [bi + (1 — a)(|gi| — bi)].
Therefore,
[1gi(a)| = bi], = (1 — a)(|gi| — i)
4D
=(1—a)|A;l.

A.3 Proof of Proposition 3

For fixed sample 7 and strength «,

Qi7(@) = Bem (o(5,7()) )
z € {0,r}.

(42)

Let R; be a view-invariant predictor. Define

Lila, B) = %CE (@), &)
1 (43)
+5CE (QET) (@), Ri> .

Let

1 o 1
Mi(a) = 50" (0) + 5@ (). @4)
By linearity in the first argument of cross-
entropy,

Li(a, R;) = CE(M;(a), R;). (45)
Using the standard decomposition,
CE(Mi(a), Ri) = H(M;i(c)) + KL(M;(a)|| Rs).
(46)
Minimizing over R; gives
II]l%in Li(a, Ry) = H(M;(«)). (47)

By the definition of Jensen—Shannon divergence,

Di(a) = KL( (@) Mi(a))
+SKL(QU(@)Miw) @
= H(M;()) — Hi(a).
Thus,
H(M;(a)) = Di(a) + Hi(e).  (49)
Combining Eq. (47) and Eq. (49),
min Li(a, R;) = Di(a) + Hy(a).  (50)

Adding the quadratic penalty,

min £;(a, R;) + Ao
s _ (51)
= Dji(a) + Hi(a) + \o?.
Therefore,

arg miﬂ [Di() + H;(a) + Aa”]
aE

(52)
= argmin |min £;(a, R;) + A\a?

acA i
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B Prompt and Implementation Details

Classification instruction. We use the same di-
rect classification instruction for all samples:

USER: <image>

Text: {external text}

Classify this meme as harmful or benign.
Answer with one word.

ASSISTANT:

Here, <image> denotes the visual input token, and
{external text} is the external text associated
with the meme.

Neutral-probe instruction. For the neutral
probe, we keep the image input and the classifica-
tion instruction unchanged, but replace the sample-
specific external text with a fixed neutral text:

USER: <image>
Text: An
content.
Classify this meme as harmful or benign.
Answer with one word.

ASSISTANT:

image containing visual

Candidate label scoring. We use the scoring
function defined in Section 3.2. The two class la-
bels are harmful and benign. For each evaluated
tokenizer, we map these label strings to their cor-
responding answer tokens in the assistant response
position. Let wg and wp denote the answer tokens
for harmful and benign, respectively. We set
Wy = {UJH},

Wp ={wp}. (53)

The harmfulness score is then computed by Eq. (2).
We verify that both label strings are represented as
single answer tokens for the evaluated tokenizers.
The final prediction is harmful if so(V,T") > 0, and
benign otherwise.

Reference-view construction. We use CRAFT
to detect visible-text regions and LaMa for local
inpainting. Detected boxes are expanded by a fixed
margin, clipped to the image boundary, and merged
into a binary text mask. LaMa is applied only inside
this mask, while pixels outside the mask are kept
unchanged. The same detection, mask expansion,
and inpainting settings are used across all datasets
and backbones.

Calibration. We search the fixed candidate set
A = {0,0.1,...,1.0} and set A = 0.1 for all
datasets and backbones. If multiple candidates
obtain the same objective value, we choose the
smallest .

Hardware and software. Experiments were con-
ducted on Ubuntu 20.04.6 LTS with two Intel
Xeon Gold 6330 CPUs, approximately 755 GiB
of system memory, and eight NVIDIA RTX A6000
GPUs (48 GiB each). The model-scoring environ-
ment uses Python 3.10.19, PyTorch 2.7.1+cul18,
and Transformers 4.57.3, while OCR and inpaint-
ing use Python 3.10.19, PyTorch 2.0.1+culls8,
Transformers 4.37.2, and NumPy 1.26.4. All local
backbones are evaluated in FP16 with batch size
1. LLaVA-1.5-7B and Qwen2.5-VL-7B use one
GPU, while LLaVA-1.5-13B and LLaVA-1.6-34B
use two and four GPUs, respectively.

C External Text Overlap Analysis

To quantify the lexical overlap between visible
and external text, we use GOT-OCR2 (Wei et al.,
2024) to independently recognize the visible text in
each meme. This recognition step is separate from
CRAFT, which is used for text-region detection
during reference-view construction.

Before comparison, we lowercase the text, col-
lapse consecutive whitespace, and tokenize it using
alphanumeric words with optional apostrophes. Let
& and V denote the sets of tokens from the exter-
nal and recognized visible text, respectively. We
compute the token overlap ratio as

€NV

vorlap = — 54
o = (el vy Y

When both token sets are empty, we set I'oyerlap =
1; when only one is empty, we set 7oyerlap = 0. We
categorize samples as high overlap when 7gyertap >
0.8, medium overlap when 0.5 < 7royertap < 0.8,
and low overlap otherwise.

D Ablation Variant Definitions

All variants use the same final decision rule, with
zero as the decision threshold.

ViewAvg. This matched no-update baseline di-
rectly averages the original- and reference-view
scores:
SYieWAvg — S'EO) + S'ET)
¢ 2
It uses neither neutral-probe filtering nor sample-
specific strength selection.

(55)

Vanilla. The vanilla baseline uses the original-
view score directly:

SE/anilla — Sgo) ) (56)

12358



Dataset High Medium Low  High + Medium
HarM 29.7% (105)  39.3% (139)  31.1% (110) 68.9%
FHM 70.4% (352)  25.8% (129) 3.8% (19) 96.2%
MAMI 46.2% (462)  42.9% (429)  10.9% (109) 89.1%

Table 5: Lexical overlap between independently recognized visible text and dataset-provided external text.

Raw-gap calibration. This variant removes
neutral-probe filtering and directly uses the raw
original-reference gap:

A = g,. 57
The final score is
*
s =l - Sar.(6)

Here, o] is selected with the same objective and
candidate grid as TIDC, but with A7*" replacing
A;.

Fixed-strength calibration. This variant keeps
the neutral-probe filtered change A;, but uses a
fixed calibration strength az = 1 for all samples:
; 1
sFixed _ (0 _ A (59)
Full TIDC. The full method uses both neutral-

probe filtering and sample-specific strength selec-
tion:

sHDC — SZ(-O) — %Ai. (60)
E Additional Experimental Results
Supervised performance context. As a refer-

ence, we also include results from task-specific
supervised methods reported in MIND (Liu et al.,
2025). On FHM and MAMI, LLaVA-1.5-13B +
TIDC achieves macro-F1 scores of 61.39 and 68.69,
respectively, higher than Late Fusion (Pramanick
et al., 2021a) (44.81 and 59.76) and MOMENTA
(Pramanick et al., 2021b) (57.45 and 66.93). On
HarM, TIDC achieves 70.15, close to Late Fusion
(70.25), while MOMENTA reports 82.80. Since
Late Fusion and MOMENTA use task-specific su-
pervised training, we include these results only as
a reference rather than as directly comparable base-
lines.

Repeated runs. We repeat the full LLaVA-1.5-
7B pipeline three times, regenerating the text-
erased reference views in each run. Table 6 reports
the resulting mean and standard deviation.

Dataset Accuracy Macro-F1

HarM 71.19+0.23 68.79 +0.21
FHM 58.80 £ 0.16 58.35+0.14
MAMI 63.40 £0.10 62.34 £0.12

Table 6: Mean and standard deviation over three
complete runs with LLaVA-1.5-7B.
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