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1. Related Works

1.1. MLLMs for Video

Building on the success of LLMs [1, 14, 31, 43, 48],
multimodal large language models (MLLMs) have ad-
vanced visual language understanding rapidly [21]. LLaVA
[27–29] popularized instruction tuning on GPT-4 [1] cu-
rated data and established a widely adopted recipe for
constructing MLLMs, inspiring many follow up systems
[5, 7, 55]. Fueled by short-video applications and video
generation, video understanding [46, 50, 53] has emerged
as a focal area, yet spatio-temporal joint modeling re-
mains challenging, demanding fine-grained spatial ground-
ing and multi-hop reasoning, especially in long-video set-
tings [9, 24, 32, 52]. To improve efficiency and scalability,
Vamba [33] introduces a hybrid Mamba–Transformer archi-
tecture with near-linear token complexity, while recent ef-
forts [17, 25, 42] explore GRPO-based reinforcement fine-
tuning for VideoLLMs and agentic pipelines for planning
and tool use. In practice, closed-source commercial systems
(e.g., GPT-4o [19], Gemini [37]) currently lead on video un-
derstanding, whereas open-source families such as Qwen-
VL Series [2–4, 38], InternVL Series [10, 11, 39, 56], and
VideoLLaMA Series [13, 49, 50] provide widely used, re-
producible research baselines.

1.2. Hallucinations in MLLMs

Research on multimodal hallucination has been predomi-
nantly developed in the image setting, where taxonomies
and diagnostic protocols coalesce around three major types:
object hallucination [15, 18, 34, 44], relationship hallucina-
tion [12, 41, 47], and decoding-related hallucination [8, 35,
36]. Within this landscape, two mitigation families have
become standard. Retraining-based methods [16, 20, 22]
introduce additional supervision or alignment objectives,
while train-free techniques [8, 35, 36, 45, 54] act at infer-
ence time and are attractive for deployment due to their low
integration cost.

In contrast, hallucinations in video remain less mecha-
nistically characterized [6, 23, 51]. Temporal reasoning in-
troduces cross-frame dependencies and causal chains [30,
40], making image-style token-level analyses ill-suited for
multi-frame structures. Moreover, many VideoLLMs [4,
26, 49, 50] inherit image–text pretraining, creating a
static-to-dynamic distribution mismatch that weakens mod-
eling of true frame order and cross-frame causal structure,
thereby elevating hallucination risk in temporal settings.

2. Event-Segment Induction

We operate on the uniformly sampled frame set V =
{ft}Tt=1 used by the model at inference. Event segments
S = {Sm}Mm=1 are induced in a single forward pass by fus-
ing two complementary boundary cues that are both avail-
able without extra supervision. The first cue is an appear-
ance change signal computed from early visual features.
For each frame ft, we extract an L2-normalized feature vec-
tor ϕt by average-pooling the visual tokens at an early en-
coder layer (before heavy cross-frame fusion); in backbones
with explicit per-frame embeddings, we use the per-frame
token directly. We then compute adjacent-frame cosine sim-
ilarity st = ⟨ϕt, ϕt+1⟩ and define an appearance-drop score
dapp
t = 1−st. The second cue is a cross-frame attention cut

extracted from the model’s attention tensors. For each mid-
dle fusion layer and head, we form the inter-frame attention
matrix A(ℓ,h) ∈ RT×T by summing attention mass from
visual tokens in frame t to visual tokens in frame u and
normalizing rows to sum to one. We then average across
heads and selected fusion layers to obtain Ā. A boundary
between t and t+1 corresponds to a drop in mutual atten-
tion, captured by datt

t = 1− 1
2 (Āt,t+1 + Āt+1,t). The fused

boundary score is

bt = wapp d̃app
t + watt d̃

att
t , (1)

where tildes denote per-video z-score normalization and
wapp, watt ∈ [0, 1] with wapp+watt=1 (default 0.5/0.5). We
smooth {bt} with a length-3 median filter and detect local
peaks subject to a minimum distance of three frames. To
obtain a robust threshold, we use the larger of two criteria
per video: an absolute threshold µb+κσb with κ=1.0, or a
top-R rule with R = ⌊T/Lmin⌋ and Lmin=4 frames. Peaks
closer than two frames are merged, and segments shorter
than Lmin are absorbed into the neighbor with higher peak
prominence. This procedure is deterministic, runs in O(T ),
and requires only tensors already available during the sin-
gle forward pass. In all experiments, the same defaults are
used for all models and datasets; sensitivity analyses show
that varying κ ∈ [0.8, 1.2] or Lmin ∈ [3, 5] changes the
number of segments marginally and does not alter conclu-
sions. For very short clips (T ≤ 8), we disable peak se-
lection and treat the clip as a single segment to avoid over-
segmentation. All boundaries are computed on the sampled
frames and are therefore aligned with attention extraction,
ensuring consistency with the main text.



3. Layerwise Attention Extraction

We instrument the attention modules during a single for-
ward pass to read the tensors required by CH-Risk and
CH-M without re-running the model. For models with ex-
plicit cross-attention from text queries to visual keys/values
(e.g., LLaVA-style adapters, Q-Former variants), we regis-
ter lightweight hooks to capture the pre-softmax logits and
softmax probabilities at each layer and head. For unified-
token transformers that mix modalities in self-attention, we
use the token-to-frame index map emitted by the video to-
kenizer to aggregate attention mass per frame. The depth
is normalized by layer index so that “early”, “middle”, and
“late” refer to the first 30%, middle 40%, and last 30% of
layers within the fusion stack, respectively; this percentile
grouping makes the procedure architecture-agnostic across
backbones with different depths.

The frame-level support p(f) is extracted from a desig-
nated middle layer near answer formation. We consider two
query sources: (i) the token immediately preceding the first
generated answer token (pre-answer position), and (ii) an
automatically detected subset of temporal keywords in the
prompt. Temporal keywords are matched from a fixed lexi-
con (e.g., before, after, then, next, start, end, while, during,
until, first, last, soon) at the tokenizer level, and their atten-
tions are averaged with the pre-answer query using equal
weights. For each selected query, we sum attention mass
over visual tokens within frame f and then average over
heads to obtain p(f) ∈ [0, 1] with

∑
f p(f)=1. To re-

duce spurious spikes, we apply a within-query temperature
rescale to the pre-softmax logits such that the entropy of
p(·) falls within a fixed band; the rescale is used only for
measurement and does not modify the model state.

The early-to-middle pathway centrality c(f) is computed
from inter-frame attention inflow across the early and mid-
dle groups. For each such layer and head, we form the
T×T inter-frame matrix A(ℓ,h) as above, but zero the di-
agonal to remove within-frame mass. The inflow to frame
f is I(ℓ,h)(f) =

∑
u̸=f A

(ℓ,h)
u,f . We aggregate across heads

and layers by averaging inflows and then compute c(f) =
I(f)/

∑
g I(g) ∈ [0, 1]. This centrality measures how

much temporal information other frames route into f along
the early–middle fusion pathway. For backbones where at-
tention tensors are not exposed by default, we rely on stan-
dard PyTorch hooks or framework-specific flags to enable
attention logging; we do not modify parameters or control
flow. All quantities p(f), c(f), and the segment map S are
aligned on the same T frames and the same pass, ensur-
ing that the SCR@α, AETP, and mitigation operations are
computed consistently. The computations are linear in T
for segment scores and near-linear for attention aggregation
with small constants; memory overhead is dominated by
temporary per-head statistics that are released before decod-

ing continues. We verified that early/middle/late grouping
by percentiles yields stable results across all six 7B-class
backbones; alternative groupings (fixed layer IDs) lead to
statistically similar centrality rankings and do not change
any main conclusions.

4. Naturally Multi-segment Tasks

This section details how we handle task families that legiti-
mately aggregate evidence across multiple segments, such
as Counting, Navigation, and Repetition. Our goal is to
prevent systematic over-flagging by the risk gate without
weakening the CH-Risk signal for genuinely risky cases.
The procedure is confined to the gating path; it does not al-
ter the core metric definitions, the global threshold τ , model
parameters, or the main results reporting.

Task family detection. We conservatively identify natu-
rally multi-segment queries using two sources that are avail-
able without extra supervision: (i) dataset-provided cate-
gory tags (where present) and (ii) a tokenizer-level lexicon
match in the user/query text. The lexicon includes cues
for multi-segment reasoning such as “how many times,”
“count,” “number of,” “repeat(ed),” “again,” “navigate,” “go
to,” “from . . . to,” “route,” “path,” “across clips,” “over the
video”. A sample is treated as naturally multi-segment if ei-
ther the category indicates one of these families or the lexi-
con match is positive with no conflicting negation (e.g., “do
not count”). This AND/OR hybrid is intentionally conser-
vative: if neither signal fires, the sample follows the default
pipeline; if the signals disagree, the category tag wins. We
found this rule stable across all datasets and six 7B back-
bones.

Prior-aware segment coverage. Let Kα be the minimal
number of segments needed to cover α mass of the mid-
layer text→frame support. For naturally multi-segment
families we introduce a small, family-level prior Kprior ∈
{2, 3} determined on a development split, and we compute
a prior-aware coverage cost

K̃α = max
(
Kα −Kprior, 0

)
, (2)

S̃CR@α =
K̃α

max(1, M −Kprior)
. (3)

This subtraction-and-renormalization preserves the scale
and guarantees 0≤ S̃CR@α≤1. It is monotone in Kα and
reduces to the original SCR@α when Kprior=0. Edge cases
are safe by construction: if M ≤Kprior or Kα≤Kprior, then
S̃CR@α=0 and the gate cannot spuriously flag the sample
solely due to legitimate multi-segment aggregation.



Table 1. Ablation on Naturally Multi-segment Tasks. We evaluate LLaVA-Video-7B to analyze gate behavior on queries annotated
as inherently multi-segment. We report Accuracy (%), CH-Risk (lower is better), HighRisk@τ (%, τ=0.28), and the false-positive rate
(FPR, %) of the risk gate. “+ Baseline correction” applies the light prior Kprior ∈{2, 3} when computing SCR@α on these task types.

Subset Variant ACC↑ CH-Risk↓ HighRisk@τ↓ FPR↓

Counting
w/o correction 66.8 0.34 39 22

+ Baseline correction 68.2 0.27 26 10

Navigation
w/o correction 61.5 0.33 36 19

+ Baseline correction 63.0 0.26 24 9

Repetition
w/o correction 64.1 0.35 38 21

+ Baseline correction 65.6 0.27 25 11

Re-editing
w/o correction 62.7 0.32 34 18

+ Baseline correction 64.5 0.25 22 8

Risk and gate. For these families we form a prior-aware
risk

˜CH-Risk = S̃CR@α ·
(
1−AETP

)
∈ [0, 1], (4)

and apply the same global threshold τ for gating: enable
sSAFR+RTC if and only if ˜CH-Risk ≥ τ . Outside these
families, we use the unmodified CH-Risk. In the main
results, we report the standard CH-Risk to keep the met-
ric definition uniform; the prior-aware variant is used only
to decide whether to intervene on naturally multi-segment
queries. In the dedicated ablation, we additionally display
the prior-aware values to analyze gate behavior on these
subsets.

Choice of Kprior and robustness. We fix Kprior per family
on a development split using a simple criterion: the smallest
value in {2, 3} that keeps the risk-gate false-positive rate be-
low a target band (10–12%) while preserving recall of gen-
uinely risky cases under time-shuffle perturbations. This
coarse prior avoids overfitting to any dataset and transfers
across models. We do not tune Kprior per model or bench-
mark. The correction is computationally negligible (con-
stant-time update after computing Kα), does not change α,
AETP, or τ , and leaves sSAFR/RTC unchanged.

Failure modes and safeguards. The prior never in-
creases risk and cannot mask misaligned evidence: if
AETP is low (stage mismatch), ˜CH-Risk remains high
even when K̃α = 0; if segment usage is excessive beyond
what is legitimate for the family, K̃α grows and the gate
triggers. If the family detector abstains or is ambiguous,
we revert to the standard pipeline. These safeguards, to-
gether with conservative calibration, ensure that the gate is
selective rather than permissive, aligning with the empirical
reductions in false positives and the accuracy gains reported
in the ablation.

5. Ablation on Naturally Multi-segment Tasks

Table 1 evaluates the light baseline correction Kprior on
LLaVA-Video-7B for naturally multi-segment tasks, where
correct reasoning legitimately aggregates evidence across
multiple segments (e.g., Counting, Navigation, Repetition,
Re-editing). Without correction, the greedy nature of
SCR@α over-penalizes such legitimate aggregation and in-
flates the baseline CH-Risk (reaching 0.32 ∼ 0.35, well
above the global average of 0.28). This causes the gate to
erroneously flag benign multi-evidence cases as “high risk,”
resulting in an elevated False Positive Rate (FPR). Introduc-
ing a small prior (Kprior ∈ {2, 3}) successfully recalibrates
the metric. It reduces CH-Risk by 0.07∼ 0.08 on average
and essentially halves the false-positive rate (e.g., Counting:
FPR 22%→ 10%; Navigation: 19%→ 9%). Downstream
accuracy improves by +1.4%∼+1.8%, indicating that the
risk gating becomes highly discriminative rather than overly
sensitive, intervening only when necessary without disrupt-
ing normal multi-hop aggregation.

Justification for the Residual FPR. It is worth noting
that the corrected FPR does not drop to absolute zero, set-
tling around 8%∼ 11%. This is an intended and desirable
behavior rather than a flaw. Even in multi-segment tasks,
if a model’s text-to-frame support scatters excessively far
beyond the legitimate prior Kprior, or if it exhibits severe
stage mismatch (captured by a low AETP score), it strongly
indicates a genuine Chimera Hallucination risk. The cor-
rected CH-Risk correctly retains its sensitivity to these ex-
treme outliers, proving that the prior Kprior effectively pre-
vents systematic over-flagging without masking true risks.

6. Ablation on Intervention Layer

Table 2 examines the optimal location for applying CH-M
intervention within the model architecture.



Table 2. Ablation on Intervention Layer. We report Accuracy (%) on NExT-QA and VidHalluc using LLaVA-Video-7B. Risk entries are
deltas averaged over the two benchmarks (↓ desirable for ∆CH-Risk / ∆SCR@0.8 / ∆HighRisk@τ , ↑ desirable for ∆AETP). All variants
use a single forward pass without finetuning. Bold indicates the optimal single-hook variant, and underline indicates the global optimum.

Variant
Accuracy (%)↑ Risk Deltas (avg)

NExT-QA VidHalluc ∆CH-Risk↓ ∆SCR@0.8↓ ∆AETP↑ ∆HighRisk@τ (%)↓

Baseline (no mitigation) 73.2 76.6 0.00 0.00 0.00 0

Early layer hook 74.1 78.2 −0.04 −0.03 +0.02 −8

Middle layer hook (Ours) 75.1 80.2 −0.07 −0.06 +0.05 −11

Late layer hook 74.4 79.1 −0.05 −0.04 +0.03 −9

Two-hook (Early+Middle) 75.2 80.4 −0.08 −0.06 +0.05 −12

Two-hook (Middle+Late) 75.0 80.0 −0.07 −0.06 +0.05 −11

Table 3. Ablation on Temporal Perturbation Stress Test. We report Accuracy (%) and risk statistics before/after CH-M (single pass,
gate τ=0.28, α=0.8). HighRisk@ τ is the percentage of samples with CH-Risk≥τ .

Perturbation
Accuracy (%)↑ CH-Risk↓ HighRisk@τ (%)↓

w/o CH-M w/ CH-M w/o CH-M w/ CH-M w/o CH-M w/ CH-M

None (original) 73.2 75.1 0.28 0.21 30 20
Frame reversal 62.0 64.2 0.38 0.30 48 35
Segment shuffle (light) 69.4 71.2 0.33 0.25 38 27
Segment shuffle (medium) 66.1 68.2 0.36 0.28 43 31
Segment shuffle (heavy) 62.8 64.9 0.39 0.30 49 36
Temporal downsample (×1

2
fps) 68.0 70.0 0.34 0.26 41 29

The “Sweet Spot” of Single-Hook Mitigation. Among
all single-hook variants, Middle-layer hooking achieves the
best performance trade-off on both NExT-QA and VidHal-
luc. It yields the largest single-layer Accuracy gains and the
strongest joint risk reduction (∆CH-Risk↓, ∆SCR@0.8↓,
∆AETP↑). This strongly aligns with our mechanistic hy-
pothesis: temporal pathways are formed in early–middle
layers and integrated mid-stream. Aligning and consolidat-
ing attention exactly at this stage proves most effective. In
contrast, Early hooks help but underperform, likely because
the temporal causal structure is not yet fully assembled;
Late hooks arrive after stronger language decoding priors
begin to dominate, limiting the capacity for visual temporal
consolidation.

Pushing the Limits with Two-Hook Variants. We ad-
ditionally explore the potential of applying intervention
across multiple layers. A lightweight two-hook variant
(Early+Middle) marginally surpasses the default Middle-
hook configuration, achieving the global optimum in both
Accuracy (75.2% on NExT-QA) and absolute risk reduc-
tion (−0.08 ∆CH-Risk). While the two-hook configuration
captures a slightly more robust temporal trajectory, the per-
formance headroom it provides is relatively small compared
to the substantial gains already achieved by the single Mid-

dle layer hook.

Design Choice Justification. We intentionally adopt the
single Middle layer hook as our default CH-M setting in
the main paper. It offers a near Pareto-optimal point, deliv-
ering > 95% of the maximum possible accuracy improve-
ment and risk reduction, while minimizing the engineering
complexity, transient memory footprint, and latency over-
head associated with maintaining multiple hooks during in-
ference. The Two-hook option is reserved as an advanced
configuration for users seeking maximal hallucination sup-
pression with less stringent latency constraints.

7. Ablation on Temporal Perturbation Stress
Test

Table 3 probes whether CH-Risk reliably tracks temporal
integrity and whether CH-M can recover degraded perfor-
mance under counterfactual perturbations. We use LLaVA-
Video-7B to ensure alignment with our main diagnostics.
As perturbation severity increases (from “None” to heavy
shuffling or reversal), Accuracy drops monotonically, while
the baseline CH-Risk rises significantly from 0.28 to 0.39,
and the HighRisk@ τ population expands from 30% to
49%. This demonstrates the strong sensitivity of our risk
estimate to disrupted temporal structure. Applying CH-M



consistently mitigates these structural disruptions. It re-
duces the risk score by roughly −0.07 to −0.09 (absolute)
and shrinks the high-risk population by 10–13%, while re-
covering a solid fraction of the lost Accuracy: +1.9% on
the clean set, +1.8–+2.1% under shuffles, and +2.2% un-
der frame reversal.

Mechanistic Insights under Extreme Disruption. A
seemingly counterintuitive observation is that the Frame re-
versal case still benefits from CH-M, even though it com-
pletely destroys the global causal direction. Specifically,
risk drops from 0.38 → 0.30 and accuracy improves from
62.0% to 64.2%. Rather than magically restoring the cor-
rupted global causality, CH-M gracefully degrades into a
local semantic consolidator. Under extreme structural col-
lapse, standard attention tends to scatter uniformly across
the randomized timeline, exacerbating severe hallucination.
By enforcing segment-level routing (sSAFR) and residual
token calibration (RTC), CH-M prevents this uniform scat-
tering and forces the model to ground its reasoning on the
most salient, internally coherent local event segments. This
localized grounding rescues basic object and action recog-
nition, providing a measured but reliable performance re-
covery, even though the complex multi-hop causal reason-
ing remains fundamentally impaired compared to the clean
baseline.
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