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Abstract. Video-LLMs often attend to irrelevant frames, which is espe-
cially detrimental for sports coaching tasks requiring precise temporal lo-
calization. Yet obtaining frame-level supervision is challenging: expensive
to collect from humans and unreliable from other models. We improve
temporal grounding without additional annotations during training by
exploiting the observation that related tasks, such as generation and
verification, must attend to the same frames. We enforce this via a self-
consistency objective over select visual attention maps of tightly-related
tasks. Using VidDiffBench, which provides ground-truth keyframe an-
notations, we first validate that attention misallocation is a meaningful
bottleneck. We then show that training with our objective yields gains of
+3.0%, +14.1% accuracy and +0.9 BERTScore over supervised finetun-
ing across three sports coaching tasks: ExAct, FitnessQA, and ExpertAF.
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1 Introduction

Despite rapid advances in video understanding, video question answering mod-
els remain prone to taking shortcuts: exploiting language priors or contextual
cues rather than the visual evidence that directly supports the answer |37]. This
tendency is particularly problematic for sports coaching applications, where pre-
cise frame localization is essential to identify technique errors, assess form, and
describe athletic actions accurately. When models bypass grounding in favor of
shortcuts, users cannot trust that the feedback they receive reflects what actually
occurred. Consider the frames in Fig. [T} a poorly-grounded model asked to pro-
vide technique feedback on a climber mid-route would rely mostly on language
priors and contextual cues, extrapolating only the information that a person
is climbing from the video. Such a model would produce common, plausible-
sounding but often vague advice such as “Pull your hips closer to the wall”, due
to limited attention to the frames that actually reveal the problem. The true
technique errors are visible only in the orange frames: the climber starts pulling
up, without using proper foot positioning, and straining their arms under their
body weight. A well-grounded model would attend to precisely these moments
before generating feedback.
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Fig. 1: Both the generation task (providing feedback on technique) and the verification
task (confirming a given feedback statement) require the model to attend to the same
keyframes (highlighted in orange) to produce a correct response. We exploit this as a
self-supervision signal, enforcing attentional consistency between the two complemen-
tary task-views without requiring any frame-level annotations.

Two approaches to tackle the challenge have been explored in the sports do-
main. The first collects real frame-level annotations , but this is prohibitively
expensive due to the large number of frames in a typical video, and is limited to
a single benchmark, not a training dataset. The second, explored in concurrent
work, uses pseudo-labels obtained from other models , but risks propagat-
ing hallucinations about which frames actually matter. This motivates a self-
supervised approach that encourages the model to attend to the right temporal
evidence without requiring any additional frame-level annotations.

Self-supervised techniques in computer vision have successfully learned visual
representations by exploiting invariances across different views of the same im-
age, such as augmented crops, color jitter, or temporal frames, without requiring
labels [12/[18][19]. Extending this idea to video-language models is non-trivial, as
the input space is multimodal and the meaningful notion of a “view” is no longer
obvious. One natural approach is to treat task prompt rephrasings as augmented
views, encouraging the model to produce consistent representations across se-
mantically equivalent inputs. However, rephrasings (e.g. “What feedback would
you give this athlete?”, “Is this athlete’s form correct? Yes or No”, or “Summa-
rize this video”) may fundamentally change the nature of the expected answer,
and so enforcing hidden state or answer consistency is ill-defined. Additionally,
even if answers or hidden states are consistent, the model may attend to en-
tirely different and potentially irrelevant frames in each rephrased task. Hence,
output-level consistency does not guarantee temporal consistency.

We address the challenge of learning to attend to the right frames, by enforc-
ing consistency at the level of visual attention maps, and using tightly-related
tasks. We observe that tightly-related tasks, such as generating technique feed-
back and verifying whether a given feedback statement is correct, require the
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model to attend to the same keyframes regardless of differences in output form
(shown in Fig. While we do not know which frames these are, we use the
observation about their sameness as a self-supervised loss to guide the model’s
attention. We choose verification as guidance because it is more concrete (ver-
ify specific feedback claim) than the generation task where vague feedback and
inaccurate attention might not be penalized.

Concretely, we route the same video through a shared model under two task
prompts (i.e., a feedback generation pathway and a verification pathway). In
select vision-centric layers and attention heads, we train the generation path-
way to match the attention maps of the (simpler) verification pathway using a
self-consistency loss. This provides a direct, annotation-free training signal that
encourages the model to localize the same temporal evidence regardless of the
exact form of the task it is performing.

To identify which layers and attention heads are most relevant for visual lo-
calization, we first conduct an analysis on VidDiffBench [7] (a video difference
benchmark with frame-level annotations) in Sec. Using this dataset, we
characterize visual attention quality across layers and heads, and validate that
manipulating attention toward ground-truth keyframes (as proof-of-concept) im-
proves performance. We then apply our self-consistency method, which requires
no frame-level annotations at training time, and evaluate across a suite
of sports coaching benchmarks: ExAct [40] (multiple-choice QA that evaluates
expert-level understanding of physical skills), FitnessQA [27] (fine-grained fitness
coaching QA), and ExpertAF [3]| (expert-level sports feedback generation).

Our method consistently improves over the finetuned baseline across all
sports coaching benchmarks, showing that self-consistency over select vision-
centric heads yields meaningful gains orthogonal to those from supervised fine-
tuning alone, even though generation and verification need not attend to identical
frames in every instance.

To summarize, our contributions are:

— An analysis of visual attention quality across layers and heads in a video-
language model, identifying attention misallocation as an independent bot-
tleneck for sports understanding.

— A dual-pathway self-consistency training framework enforcing attentional
agreement between complementary task views without frame annotations
during training.

— Significant improvement (gains of +3.0% and +14.1% accuracy on ExAct
and FitnessQA, and +0.9 BERTScore on ExpertAF) over supervised fine-
tuning in performance across multiple sports understanding benchmarks.

2 Related Works

Temporal grounding and localization. A significant body of work improves
temporal grounding in Vid-LLMs through architectural modifications [26}[29],
chain-of-thought reasoning over frames [1,|46] or iteratively refining input |14}
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22,133]. While effective, these approaches require architectural changes, addi-
tional supervision, or increased inference cost. Weakly-supervised localization
works [4,5,21,/30] also exploit consistency but differ from ours in terms of archi-
tectures and consistency formulation. [521L|30] do not target Vid-LLMs, where
the absence of modality-specific modules makes consistency placement across
attention heads non-trivial (Sec ; [4] applies consistency over paraphrased
outputs and [5]| across cross-modal feature representations, whereas we exploit
attention consistency across related tasks.

Targeting attention distributions. A complementary direction targets
the internal attention distributions of existing models directly, without modi-
fying the architecture or requiring additional annotations. Attention exists as
a mechanism for capturing relationships between tokens in transformer mod-
els [32], making it a natural lens for explainability |9] and, more recently, for
diagnosing and correcting failures in multimodal LLMs. 11| connects the per-
sistent challenge of spatial reasoning in MLLMs to failures in visual attention,
finding that uniformly-distributed attention is preferable to confidently concen-
trated but incorrect attention, and proposes a confidence-based intervention at
inference time. [23] similarly operates post-hoc, identifying image-centric atten-
tion heads and redistributing weight away from visual sink tokens that accumu-
late high attention without contributing meaningfully to the output. Post-hoc
attention steering has also been explored via user-specified emphasis, both in
language models [42] and extended to the multimodal setting [44]. A related line
of work uses attention to guide token pruning, retaining only the most relevant
frames or tokens for downstream reasoning [22]. Closer to our approach, [24]
performs attention distillation from a larger teacher model to a smaller student,
finding that attention misalignment is a significant bottleneck in transferring
visual perception. Our method differs from all of the above in that it does not
rely on post-hoc steering (although we test this in our analysis in Sec. 4.1]), ex-
ternal supervision, or a separate additional teacher model. Instead, we enforce
visual attention consistency between two task formulations of the same model,
exploiting task invariance of visual attention as a self-supervised training signal.

Sports understanding. General-purpose MLLMs struggle on sports un-
derstanding tasks [3[7}/15,/20L27}/28,|36], in part due to the domain knowledge
gap and spatio-temporal demands of the task. Several works have sought to
close this gap by incorporating richer domain supervision or domain-knowledge
graphs [10,/15L[28}35,/39]. [3] introduces the task of generating actionable expert
feedback from video, jointly training on feedback generation, expert video re-
trieval, and 3D pose generation. |2| proposes to jointly train feedback generation
and classify transferable skill-attributes such as balance and hand positioning
that generalize across sports. More relevant to our work, recent concurrent
efforts have explored post-training approaches to improve sports reasoning and
temporal localization. [6] shows that reinforcement learning post-training alone
does not necessarily improve performance on tasks requiring temporal ground-
ing when sport-specific domain knowledge is not needed, suggesting that RL
primarily enhances general content understanding rather than temporal ground-
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Fig. 2: Overview of the proposed dual-pathway self-consistency framework. The Gen-
eration Pathway and Verification Pathway process the same video through a
shared visual encoder and Vid-LLM Decoder (fs) with different task prompts. From
a selected visual layer (Sec. , top-K attention heads are identified via their Vi-
sual Non-Sink Ratio [23| and paired across pathways via Head Bipartite Match-
ing (exact index matching + Hungarian algorithm). The generation pathway’s atten-
tion maps are regularized by Lentropy for focused attention over specific visual tokens
(and frames), while Lconsistency enforces cross-pathway attentional agreement between
matched heads. L.. serves as regularization on the generation pathway output.

ing. This is further supported by DeepSport , a sports-specific reasoning
model that uses chain-of-thought traces from open-source models for explicit
temporal localization, yet has limited improvement on assessment and coach-
ing questions compared to recognition tasks (rule application, foul detection,
action recognition) despite localization-specific RL post-training. DeepSport’s
error analysis of the trained model reveals frequent hallucination of temporal
timestamps on fine-grained tasks, suggesting that post-training alone or distilled
traces are insufficient to ground the model’s attention in the correct frames.
SportR similarly finds through error analysis that visual perception and
hallucination comprise the majority of errors from their sports reasoning model.
Motivated by this, our method targets temporal grounding directly through self-
supervised attention consistency, without relying on any chain-of-thought super-
vision or frame-level annotations, and shows consistent gains on assessment and
coaching tasks . Our method could be considered complementary to
chain-of-thought supervision and post-training.

3 Method

We propose a dual-pathway self-consistency framework for video-language model
(Vid-LLM) training that improves internal visual localization in sports coach-
ing tasks without external grounding supervision. Self-attention in middle
LLM decoder layers localizes task-relevant visual tokens , making them key
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to how the model grounds its responses. We observe that these select attention
modules should attend to consistent visual regions for two tightly related tasks,
and exploit this by enforcing attentional consistency between select vision-centric
attention maps from two task-conditioned pathways: a generation pathway
(harder task) and a verification pathway (easier task). Figure [2] provides an
overview. If the model is genuinely grounded, both tasks should localize the same
visual regions, and encouraging this agreement provides a useful inductive bias
that discourages spurious or task-inconsistent visual attention.

3.1 Preliminaries

Let zv% = {z¥%, ... 2%} denote a sequence of T sampled video frames. A Vid-
LLM processes V via a visual encoder f, to produce frame-level visual tokens,
which are concatenated with a text prompt x*** and passed to an autoregressive
decoder fy to generate a response §i.,. Formally:

Ql:n = f9 (qu(xvis)’ xtewt)' (1>

3.2 Dual-Pathway Forward Pass

Given a video 2V% and a paired generation-verification prompt pair (p&®, pver)

we perform two forward passes through the shared frozen encoder f,; and train-
able decoder fy.

Generation Pathway. The generation pathway takes the video V and a gener-
ation task prompt p&" (e.g., a sports feedback |3] or sports understanding QA
instruction [27,|40]) and produces predicted output tokens ¢.,, supervised by a
standard cross-entropy loss:

)

Lee = —Zlog fo (yt | y<ts f¢(xvis)’ pgen)' (2)
t—1

Within our self-consistency training framework, this loss serves as a regulariza-
tion term that preserves the model’s generation capability.

Verification Pathway. The verification pathway processes the same video V
with a verification task prompt p'*" through the same shared decoder fy. The
verification task prompt is constructed by combining the ground-truth answer
Y1.n With an automatically rephrased version of the generation prompt p%e",
forming a yes/no question that asks whether 1., is a valid response to the video
given the rephrased prompt (e.g. “Please verify if the following feedback state-
ment is correct for the given video: answer”). No gradients flow through
the verification pathway, to prevent training collapse [8,/18,|19]. The verifi-
cation pathway contributes to training exclusively through the self-consistency
loss Leconsistency applied to its attention maps, with the stop-gradient operator
(Sec. ensuring that the verification pathway acts purely as a target signal.
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3.3 Visual Layer and Head Selection

The choice of both heads and layer is critical, as not all heads and layers en-
code meaningful temporal information. We adopt different selection strategies
for each. For the layer, we are motivated by prior findings in [45|, which sug-
gests that the layers most responsible for encoding task-specific visual informa-
tion remain consistent across similar tasks. Prior to training, we identify the
layer with the most temporal grounding potential, £*, using the visual attention
quality score (Eq@ which captures sharpness, vision-centricity, and keyframe
overlap, each an intuitive proxy for temporal grounding. While keyframe over-
lap is computed using a small annotated disjoint set from the training data, the
selected layer, £*, is then fixed throughout training and our method requires no
additional temporal grounding labels. We discuss this in more detail and provide
empirical evidence in Sec. [I.1]

Given a fixed layer, we found that static head selection based on the vi-
sual attention quality score is suboptimal empirically. We therefore select the
top-K heads dynamically per forward pass using the Visual Non-Sink Ratio 23]
(VNSR), which measures how much visual attention falls on non-sink versus sink
tokens (see Sec. 1 of the supplement for the full definition). Since visual sink to-
kens attract disproportionately high attention due to large feature-dimension ac-
tivations despite carrying no task-relevant content, VNSR favors heads whose at-
tention is concentrated on meaningful visual content. We select the top-K heads
from each pathway ranked by VNSR, yielding head sets H&™ = {h$*", ... A%}
and YT = {hY*", ..., hY&}. We use K =5, and ablate in exp (Sec[d.4).

3.4 Head Bipartite Matching

To enforce self-consistency, we first must establish a correspondence between
heads in H&" and H®". We propose Head Bipartite Matching, a two-stage
procedure that combines exact index matching with the Hungarian algorithm
|25] for assignment.

Stage 1: Exact Index Matching. We first match heads that share the same
index across both pathways, i.e., h¥™" < Ry if i € H&™ N HY®" within the
selected visual layer.

Stage 2: Hungarian Matching. For remaining unmatched heads, we com-
pute a pairwise cost matrix C € R¥ "K' hetween the unmatched heads of each
pathway, where K’ is the number of remaining heads. The cost between head
1 from the generation pathway and head j from the verification pathway is the
asymmetric KL divergence Dk (A} [|AF™"), computed over visual token in-
dices Z,is, consistent with the directional formulation of Leconsistency (EQ. .
The Hungarian algorithm then finds the optimal 1:1 assignment permutation
o* : {l,...,K'} = {1,...,K'}, and the combined matching from both stages
yields a full set of K matched head pairs {(h$™", A )}E .

g (i)
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3.5 Losses

Let A$" and AY®" denote the visual attention maps produced by the i-th
matched head pair from the generation and verification pathways, respectively,
where each map A; € R'Mvis captures the attention from the last prompt token
to all visual tokens, N,;s = |Zyis|.

Entropy Regularization. To encourage the generation pathway’s attention
heads to produce focused, peaky attention distributions over visual tokens rather
than uniform or sink token-dominated maps, we apply an entropy regularization
loss over the selected vision-centric heads:

1 & AS"
Lent == H(—— (3)
cnrory K ; (Tentropy )7

where H(-) denotes the Shannon entropy computed over the visual token
dimension and Tep¢ropy Scales the distribution to be sharper to help convergence.
Self-Consistency Loss. The central contribution of our method is a training
signal that requires no frame-level annotations during training: since both gen-
eration and verification pathways must localize the same frames, we penalize
disagreement between their matched attention maps and apply a stop-gradient

to the verification pathway:

K
1
Cconsistancy - E Z DKL (Sg(AZer) H Azgen)7 (4)
i=1

where sg(-) denotes the stop-gradient operator. The asymmetric direction
treats the verification pathway’s matched attention maps as a fixed reference to-
ward which the generation pathway is trained; since verification is a simpler and
more concrete task, its attention maps provide a more reliable grounding target.
This design prevents training collapse, analogous to the fixed target network in
BYOL [18] and MoCo |19].
Total Training Objective. The final training objective combines all three
losses with equal weighting:

L= Lce + Lentropy + Econsistcncy (5)

We find this equal weighting to be robust across our experimental settings,
but future work could add additional hyperparameters.

4 Experiments

To precisely apply our method to modules related to temporal grounding, we
define heuristics and identify suitable candidate layers and heads in Sec. [L.1]
We then verify these modules’ sensitivity to temporal grounding quality by re-
distributing visual attention toward ground-truth keyframes and away from ir-
relevant frames in Sec. [f.2] We additionally test strategies for adaptive head
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selection, which we adopt in our method. These results inform which attention
modules we target with the self-consistency and entropy regularization losses.
We show gains on all three datasets in Sec. [f.3] and ablate each component in
Sec. [£44

Experiment Details. All experiments use 1 GPU with an aggregated batch
size of 4, implemented via gradient accumulation over 4 steps with a per-step
batch size of 1. We use a learning rate of 2 x 10~% with LoRA (rank 16, alpha
32, dropout 0.05) applied solely to the language model. We set Tepiropy to 0.03,
to significantly sharpen the internal visual attention due to very high initial
entropy. We use PyTorch with PerceptionLM [13] as our base model, with the
visual pooling rate (controls # of tokens per frame in PerceptionLM [13]) as 5
and uniformly sample 16 frames during training due to GPU memory constraints.
During inference, visual pooling rate is set to 4 for a richer visual representation,
and the sampling temperature is set to 1.

Datasets. We select three sports coaching datasets that test fine-grained
understanding and feedback generation. ExAct [40] and FitnessQA [27] both
evaluate fine-grained sports coaching understanding, with questions targeting
technique quality, cause-effect of motions, and similar aspects. ExAct is drawn
from EgoEx04D [17], covering physical skilled demonstrations across sports rang-
ing from soccer to dance, and provides curated multiple-choice questions for
fine-grained understanding. FitnessQA covers exercise demonstrations (squats,
push-ups, etc.) with fine-grained questions about movement quality, but uses
open-ended answers. Since open-ended answers require either an LLM-as-a-judge
or imprecise semantic similarity metrics to evaluate, we use an LLM to convert
the original annotations to multiple-choice questions (prompt, examples, and hu-
man evaluation results provided in Sec. 3 of the supplement), enabling straight-
forward accuracy-based evaluation. ExpertAF [3] is a feedback generation task,
where the model must produce open-ended coaching feedback rather than an-
swer specific questions about technique, making it unsuitable for multiple-choice
conversion. We therefore evaluate predicted feedback against reference text using
BERTScore [43]. We train on 800 samples each from ExAct [40], FitnessQA [27],
and ExpertAF [3]. We evaluate on a 200-sample test split of ExAct [40], 659-
sample test split of FitnessQA [27], and the entire test-split of ExpertAF (7K
samples).

4.1 Which attention modules are sensitive to temporal grounding?

Before validating our method, we first seek to understand which attention mod-
ules selectively attend to tokens from relevant frames, and then later in Sec.
test if they can be perturbed to improve sports coaching performance. Prior
work has explored the characteristics of these attention distributions within the
image context of MLLMs [11,/41,45] finding that certain layers and heads are
more vision-centric than others, and that similar mid-level layers tend to spe-
cialize in visual grounding consistently across similar tasks. However, since this
work only examines spatial grounding in images, it is unclear whether the same
patterns hold for temporal grounding in video. To find which layer is a good
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Fig. 3: Visual attention quality score visualization: product of attention sharpness
(1—entropy), vision centricity (visual attention sum), and keyframe overlap (AUROC).
Both graphs show that layer 8 and head 7 are relatively better at temporal grounding.

candidate for improving temporal grounding in the video domain, we use the
EgoEx04D |[17] split of VidDiffBench [7], which provides ground-truth keyframe
annotations per question; these are all known to be relevant to the task.

Defining temporal grounding sensitivity. A layer may be sensitive to
temporal grounding yet still attend to the wrong frames, meaning it has the
capacity to ground but is currently misaligned. To identify such layers, we pro-
pose heuristics that characterize attention quality along two axes, in addition
to current temporal grounding ability: (1) selectiveness, measured by attention
sharpness since select frames should contribute to the answer in this task; (2)
vision-centricity, which measures how much attention mass is allocated to visual
tokens, compared to text or system tokens; and (3) keyframe overlap, measured
by the AUROC between the attention distribution over visual tokens and the
ground truth keyframe indicator; a similar characterization for objects within a
single image was proposed in [11]. We combine these three axes into a single
visual attention quality score:

_ H( ge) - _
0y — _ [4 [
S(AL) (1 s Nvim) X ; Al x AUROC(A%y, k) (6)

keyframe overlap

selectiveness vision-centricity

where A¢ € RJ\_[ is the mean attention vector at layer ¢, averaged over all heads
and samples, A%y, € RNvisual i3 its restriction to visual token indices V, Nyisual =
[V|, and k € {0, 1} visual is the ground truth keyframe indicator where

(7)

K — 1 if token 7 belongs to a keyframe
" 10 otherwise

The entropy (for computing sharpness) is calculated over the visual attention
distribution and captures its peakiness:

H(AY) == pilogpi, pi=——+. (8)
i€V Zg‘ev AL
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Table 1: Proof-of-concept analysis: Effect of manipulating attention distributions using
ground-truth keyframes (relevant frames) on the EgoExo4D split of VidDiffBench |[7].
Biasing attention toward annotated keyframes improves accuracy over uniform or no
redistribution, demonstrating the benefit of temporal (frame) grounding. Regarding
head selection, automatic selection via visual non-sink ratio [23| performs best.

Head Selection ‘Redistribution ‘Accuracy
Manual Head Selection (layer=8, head="7)
None None 65.8
None Uniform over all frames 68.4
None Proportional over keyframes| 71.8

Adaptive Head Selection (layer=38)

Top-K vis. attention sum|Proportional over keyframes 69.2
Top-K vis. non-sink ratio|Proportional over keyframes| 73.4

Layer and head manual selection analysis. As shown in Fig(a), layer
8 achieves the highest visual attention quality score. However, the keyframe
overlap (AUROC) is 0.62, where 0.5 is no better than random guessing, which
reveals that the model’s internal attention does not reliably localize ground truth
keyframes, indicating that the bottleneck could lie in visual representation or at-
tention allocation. When inspecting individual heads within layer 8 in Figb),
head 7 yields the highest quality score, yet we find that its average attention
is heavily concentrated on the first few visual tokens regardless of where the
keyframes appear. We attribute this to the visual sink token phenomenon [23],
where large feature-dimension activations disproportionately attract attention
mass. Since prior work finds that vision-centric layers are consistent across simi-
lar tasks [45], we fix the layer to layer 8 and use adaptive head selection (described
next) to favor heads not dominated by visual sink tokens for our method.

4.2 Can temporal grounding improve performance independently
of visual representation?

Our method targets attention misallocation as a meaningful bottleneck. In this
section, we use ground-truth keyframe labels to test whether correcting attention
misallocation improves performance, and to inform two design choices: fixing the
layer and using adaptive head selection.

Attention redistribution strategies. To evaluate if reallocating the vi-
sual attention based on keyframes (relevant frames) can improve performance,
we compare attention reallocation against two baselines: no manipulation, and
uniform redistribution over all visual tokens (without considering keyframes).
Since modern MLLMs [13[[34}(38] represent each frame with multiple tokens, we
redistribute the visual attention proportionally over keyframes which preserves
the relative within-keyframe attention distribution (see figure in Sec. 2 of the
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Table 2: Performance comparison across sports understanding benchmarks. Our
method improves over the finetuned baseline on all evaluated datasets. * denotes dis-
carding answer extraction failures

Method ExAct FitnessQA ExpertAF
Gemini-3-Flash 79.0 54.2 -
Qwen2.5-VL-7B-Instruct - 33.3*% 27.3
Qwen3-VL-8B-Instruct 40.2 55.4% 27.1
PerceptionLM-8B 27.1 39.5 26.0
PerceptionLM-8B (Finetuned) 84.5 74.1 37.5
+Ours 87.5 88.2 38.4

supplement). As shown in top half of Table |1} the proportional redistribution
performs the best (71.8) compared to uniform redistribution and no manipula-
tion. This shows potential impact for our method: if the model learns to attend
better in these temporal grounding sensitive modules, performance will improve.

Adaptive head selection. We explore adaptive identification of the top-
K vision-centric heads in layer 8, since the heads activated change per input
(motivating the dynamic head selection in our method). We test using both the
visual non-sink ratio [23] or the visual attention sum to rank and select top-K
heads (K = 5). In the bottom half of Table |1} we observe that selecting by vi-
sual non-sink ratio is more effective (73.4) than by visual attention sum, as the
latter risks including sink-dominated heads that allocate high attention mass to
tokens not carrying task-relevant visual information. This informs our choice to
select top-K heads using the visual non-sink ratio in our method. Still, both of
these head selection methods (and even static head selection) improve over no
or uniform redistribution. This confirms that a large limitation is attention mis-
allocation rather than solely model capacity or visual representation: correcting
which frames the model attends to, even post-hoc, yields consistent gains, moti-
vating our method to do so without requiring ground-truth keyframe
labels.

4.3 Does targeting temporal grounding sensitive modules with our
method improve sports coaching performance?

We evaluate our method on three sports coaching benchmarks and compare
against several baselines. The most direct comparison is the finetuned Perception.M-
8B baseline, and we additionally compare against the larger, closed-source Gemini-
3-Flash [16| and two open-source Vid-LLMs, Qwen2.5-VL-7B-Instruct [31] and
Qwen3-VL-8B-Instruct [38]. We include additional results on attention qual-
ity, extra ExpertAF metrics, generalization to Qwen2.5-VL-7B-Instruct, stop-
gradient ablations, and qualitative examples in the supplement.

As shown in Table [2| our method consistently improves over the fine-tuned
PerceptionLM-8B baseline across all evaluated datasets. We observe gains of
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Table 3: Ablation over head matching strategies and task for Lconsistency. “Fixed”
denotes that both pathways share the same selected layer £*; “Flexible” allows the veri-
fication pathway to select its own layer independently. “Verification — Summarization”
replaces the verification pathway prompt with a summarization task.

Verif. Layer Head Matching Strategy ExAct FitnessQA
Fixed (¢ = 8) Ex. Match + Hung. (ours) 87.5 88.2
Fixed (¢* = 8) Ex. Match + Random 83.0 85.4
Fixed (£* =38) Ex. Match + Discard 82.5 81.3
Flexible Hung. only 83.0 87.7
Verif. — Summ. Ex. Match + Hung. 69.5 83.6
Table 4: Ablation over Table 5: Ablation over loss components.

number of heads selected.

Lee Lentropy Lconsistemy‘ExAct FitnessQA ExpertAF

M v 84.5 74.1 37.5
5| 87.5 v v 77.5 7T 37.5
10| 84.5 v v 85.0 86.8 36.8
15| 80.0 v v v 87.5 88.2 38.4
25| 81.5

32| 63.5

+3.0 on ExAct, +14.1 on FitnessQA, and +0.9 BERTScore on ExpertAF, demon-
strating that enforcing attentional self-consistency during training leads to mean-
ingful improvements across tasks requiring precise localization under diverse out-
put formats and evaluation criteria. Crucially, these gains are achieved without
additional annotations during training, increased inference cost, or architecture
modifications.

Notably, an 8B open-source model can surpass closed-source systems on fine-
grained sports understanding. Our method achieves 87.5 on ExAct and 88.2 on
FitnessQA, outperforming Gemini-3-Flash (79.0/54.2) despite substantial dif-
ferences in model scale and training data. While visual representation quality
prior to the LLM decoder and overall model scale remain important factors,
these results suggest that attention localization constitutes an independent and
addressable bottleneck in addition to domain knowledge. With model capacity
and visual representations held fixed, explicitly encouraging consistent temporal
attention yields further performance gains.

4.4 Ablation Studies

We conduct ablation studies to investigate the effectiveness of each compo-
nent of our method. Table [3] ablates the verification layer, the strategy used
to match unmatched heads in Leconsistency, and choice of related task. We con-
sider three alternatives to our proposed Exact Match + Hungarian strategy
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(first row): (1) randomly matching the unmatched head sets from each path-
way, (2) discarding unmatched heads entirely, and (3) allowing the verification
pathway to flexibly select its visual layer, using the top-K heads from the gen-
eration pathway as anchors for matching. Both random assignment (83.0/85.4
accuracy on ExAct/FitnessQA) and discarding (82.5/81.3) underperform our
method (87.5/88.2), confirming that the quality of head correspondence directly
determines the quality of the consistency signal. Discarding might be particu-
larly harmful at K = 5, where losing even 1-2 unmatched heads leaves too few
heads contributing to the attention-based losses, whereas random assignment
at least ensures all K heads participate despite the noisy correspondence. The
flexible layer strategy also underperforms (83.0/87.7) compared to our method
(87.5/88.2), indicating that sharing the same layer £* across pathways is impor-
tant for producing attention maps that are comparable.

We additionally ablate the choice of the related task. We replace the verifi-
cation task which is tightly related to the generation task, with a general sum-
marization task (“Summarize this video.”). This leads to a significant drop in
performance (69.5/83.6) compared to our method, confirming that the comple-
mentary task structure is essential. Summarization distributes attention broadly
across all frames, and so the consistency signal would penalize the generation
pathway for attending selectively to the relevant frames. The comparably smaller
drop on FitnessQA may be partly due to the repetitive nature of fitness exer-
cises, where relevant frames could be more broadly distributed across the video,
partially overlapping with the diffuse attention of the summarization task.

Number of selected heads. Table [4] shows that K = 5 achieves the best
performance (87.5), with accuracy sharply degrading as K increases. We at-
tribute this to the inclusion of non-vision centric heads at larger K values, which
introduce noisy attention maps that dilute the consistency signal.

Loss components. Table 5] ablates the contribution of each loss term. Re-
moving Leonsistency While keeping only the regularization losses leads to a signif-
icant drop (77.5 on ExAct / 77.7 on FitnessQA), confirming that Leonsistency 18
essential to improving understanding capability rather than only enforcing peak-
iness through the Leptropy. Using Lee With Leonsistency alone (row 3, 85.0 / 86.8)
already surpasses the finetuned baseline, demonstrating that the consistency sig-
nal is the primary driver of improvement. Adding Leniropy (full model, row 4)
further improves performance (87.5 / 88.2) and improves from 36.8 to 38.4 on
ExpertAF, validating its role in encouraging focused attention distributions.

5 Conclusion

Sports coaching tasks demand precise temporal grounding to identify technique
errors and assess form, yet current Vid-LLMs frequently attend to irrelevant
frames. We present a dual-pathway self-consistency framework for video-language
model training that improves internal frame localization without requiring any
frame-level annotations during training and only a small set for offline layer se-
lection. By enforcing attentional agreement between a generation pathway and
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an easier verification pathway, we encourage the model to ground its responses
in the same relevant video frames regardless of task, using the consistency be-
tween these complementary task-views as a self-supervision signal. We show that
Vid-LLMs tend to misallocate attention toward irrelevant frames by observing
improvements through our self-consistency training across diverse sports un-
derstanding benchmarks. We hope this work motivates further exploration of
internal attention structure and complementary task-views as a source of self-
supervision in video-language models. While our evaluation focuses on sports
coaching, a domain where temporal precision and naturally paired tasks make
the method particularly well-suited, the underlying principle is domain-agnostic,
and extending to other video domains with paired generation-verification struc-
ture (e.g., procedural instruction, medical assessment) is a natural direction for
future work.
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