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Ablation Study of TRAP and CAVE

In the main paper, TRAP is introduced as an intra-snippet
module for modeling localized short-range temporal arti-
facts, whereas CAVE is designed to model agreement and
disagreement across multiple snippets sampled from the
same video. To directly validate these intended roles, we
perform a dedicated ablation study at T = 5 using four
detector variants: Backbone only, Backbone+TRAP, Back-
bone+CAVE, and the full Backbone+TRAP+CAVE model.

All ablation variants are trained and evaluated under the
same setting as the main detector experiments on Face-
Forensics++ (c23). Following the main paper, the task is 4-
class classification over Original, Face2Face, FaceShifter,
and FaceSwap, and evaluation is performed on the balanced
held-out test split with T = 5. This controlled setup en-
sures that performance differences can be attributed to the
inclusion or exclusion of TRAP and CAVE, rather than to
changes in data, optimization, or evaluation protocol.

Table 7 shows three clear trends. First, the backbone
alone is already a strong baseline and attains the highest
Macro-AUC, indicating strong ranking ability even with-
out the proposed temporal modules. Second, TRAP is the
stronger standalone addition: compared with the backbone,
it preserves overall Acc. while keeping Macro-F1 nearly
unchanged, and improves class-wise behavior on manipu-
lations that benefit from stronger local temporal modeling.
Third, CAVE alone is weaker in isolation, suggesting that
cross-snippet disagreement cues are informative but not suf-
ficiently reliable unless the underlying snippet-level repre-
sentation is already strong. The full model achieves the best
Acc., Macro-F1, and Weighted-F1, showing that TRAP and
CAVE are complementary when used jointly.

Table 8 clarifies the role of each module. The back-
bone alone achieves the highest Original accuracy, but not
the best Original F1. This indicates that it often predicts
the Original class for manipulated samples, which keeps
recall high on real videos but lowers precision. TRAP
is the stronger standalone temporal module and is espe-
cially helpful on FaceShifter, where it substantially im-
proves both Acc. and F1. This is consistent with its in-
tended role of modeling localized short-range temporal in-
consistencies within snippets. CAVE alone performs best
on FaceSwap accuracy, but degrades Original, Face2Face,
and FaceShifter, which suggests that cross-snippet disagree-
ment cues can help some manipulations but are not suf-
ficiently stable when used without stronger local tempo-
ral features. The full model gives the best overall bal-
ance across classes: it achieves the highest F1 on Original,

Face2Face, and FaceShifter, while remaining competitive
on FaceSwap. This pattern supports the intended design of
FLARE: TRAP strengthens local snippet-level temporal ev-
idence, and CAVE becomes most effective when applied on
top of those stronger representations.

The confusion matrices in Table 9 explain why the full
model is better. The backbone-only model strongly over-
predicts the Original class: 21 Face2Face, 14 FaceShifter,
and 16 FaceSwap samples are all misclassified as Origi-
nal. This raises Original accuracy but lowers its F1 be-
cause precision is reduced. TRAP improves the local tem-
poral representation and clearly reduces some of these fake-
to-real confusions, especially for FaceShifter, but the de-
tector still keeps a noticeable bias toward predicting Orig-
inal. CAVE alone behaves differently: it is helpful for
FaceSwap, but it also introduces many real-to-fake errors,
including 12 Original→FaceSwap mistakes, which sub-
stantially hurts Original performance. The full model gives
the best overall trade-off. Compared with the backbone,
it reduces Face2Face→Original errors from 21 to 12 and
FaceShifter→Original errors from 14 to 10, while also in-
creasing the diagonal counts for Face2Face from 117 to 126
and for FaceShifter from 122 to 129. At the same time, it
preserves the stronger local temporal behavior learned by
TRAP. In other words, TRAP produces stronger snippet-
level temporal features, and CAVE becomes useful only
after those features are strong enough for reliable cross-
snippet disagreement modeling. This is why the joint model
outperforms either standalone module.

Overall, the ablation study supports the intended inter-
pretation of the two modules. TRAP is the more reliable
standalone temporal component and is particularly helpful
for manipulations with strong local temporal inconsisten-
cies. CAVE alone is weaker and less stable, but becomes
beneficial when combined with TRAP. The full FLARE
model therefore provides the best balanced classification
performance at T = 5, even though it does not achieve the
best value on every individual class or metric.

Limitations of Detector-Guided Grounding
An important limitation of the proposed detector-guided ex-
planation pipeline is the possibility of error propagation
from the detector to the explanation stage. Since the ROI
is derived from a detector-side saliency signal, an inaccu-
rate or unstable heatmap may cause the explanation model
to attend to the wrong spatial region, even when the gen-
erated text itself appears plausible. More generally, if the
detector relies on biased or spurious cues, the resulting ex-
planation may inherit these biases, because the language



Model Variant Acc. ↑ Macro-F1 ↑ Weighted-F1 ↑ Macro-AUC ↑

Backbone only 0.8768 0.8804 0.8804 0.9832
Backbone + TRAP 0.8768 0.8795 0.8795 0.9779
Backbone + CAVE 0.8464 0.8480 0.8480 0.9716
Backbone + TRAP + CAVE 0.8929 0.8948 0.8948 0.9801

Table 7. Overall ablation results at T = 5 on FaceForensics++ (c23). Best values are shown in bold.

Original Face2Face FaceShifter FaceSwap

Model Variant Acc. ↑ F1 ↑ Acc. ↑ F1 ↑ Acc. ↑ F1 ↑ Acc. ↑ F1 ↑

Backbone only 0.9214 0.8062 0.8357 0.8966 0.8714 0.8905 0.8786 0.9283
Backbone + TRAP 0.8786 0.7987 0.8500 0.8947 0.9143 0.9046 0.8643 0.9202
Backbone + CAVE 0.7929 0.7475 0.8143 0.8736 0.8429 0.8582 0.9357 0.9129
Backbone + TRAP + CAVE 0.8857 0.8212 0.9000 0.9333 0.9214 0.9149 0.8645 0.9098

Table 8. Per-class Accuracy and F1 for the T = 5 ablation. Best value in each column is shown in bold.

model is conditioned on detector-selected evidence rather
than on an independently verified causal signal. For this
reason, the generated explanations should be interpreted as
detector-guided rather than as guaranteed faithful accounts
of the detector’s internal reasoning. Developing more ro-
bust evidence-to-ROI linking and studying how to reduce
detector bias in the explanation stage remain important di-
rections for future work.

Additional Reproducibility Details for the
Qwen2.5-VL Explainer
The Qwen2.5-VL explainer is trained with DeepSpeed
ZeRO Stage 2 on four NVIDIA RTX A6000 GPUs, each
equipped with 48 GB of memory. Both optimizer offload-
ing and parameter offloading are disabled, whereas commu-
nication overlap is enabled to improve distributed training
efficiency. We disable torch.compile because it is in-
compatible with dynamic vision patches in our implemen-
tation.

The model is fine-tuned for 5 epochs with a batch size
of 1 per GPU and gradient accumulation of 8, yielding an
effective batch size of 32 across 4 GPUs. We use AdamW
with the default Hugging Face implementation and a cosine
learning-rate schedule. The learning rate is 2 × 10−5 for
t ∈ {1, 5} and 1 × 10−5 for t = 3, with a warmup ratio
of 0.03 and weight decay of 0.01. The maximum number
of pixels per image is limited to 300,000, and 8 DataLoader
workers are used. We select the best checkpoint according
to eval loss, where lower values indicate better valida-
tion performance.

Additional Qualitative Results for Temporal
Qwen2.5-VL Explanations and FLARE

True\Pred Orig. F2F FSH FS

Orig. 129 2 9 0
F2F 21 117 2 0
FSH 14 2 122 2
FS 16 0 1 123

(a) Backbone only

True\Pred Orig. F2F FSH FS

Orig. 123 6 10 1
F2F 19 119 2 0
FSH 10 1 128 1
FS 16 0 3 121

(b) Backbone + TRAP

True\Pred Orig. F2F FSH FS

Orig. 111 6 11 12
F2F 21 114 3 2
FSH 19 1 118 2
FS 6 0 3 131

(c) Backbone + CAVE

True\Pred Orig. F2F FSH FS

Orig. 124 4 8 4
F2F 12 126 2 0
FSH 10 0 129 1
FS 16 0 3 121

(d) Backbone + TRAP + CAVE

Table 9. Confusion matrices for the T = 5 ablation study. Orig.:
Original, F2F: Face2Face, FSH: FaceShifter, FS: FaceSwap.
















