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Abstract. Understanding emotions is a fundamental ability for intelli-
gent systems to be able to interact with humans. Vision-language models
(VLMs) have made tremendous progress in the last few years for many
visual tasks, potentially o!ering a promising solution for understand-
ing emotions. However, it is surprising that even the most sophisticated
contemporary VLMs struggle to recognize human emotions or to out-
perform even specialized vision-only classifiers. In this paper we ask the
question ‘Why do VLMs struggle to recognize human emotions?’, and
observe that the inherently continuous and dynamic task of facial ex-
pression recognition (DFER) exposes two critical VLM vulnerabilities.
First, emotion datasets are naturally long-tailed, and the web-scale data
used to pre-train VLMs exacerbates this head-class bias, causing them
to systematically collapse rare, under-represented emotions into common
categories. We propose alternative sampling strategies that prevent fa-
voring common concepts. Second, temporal information is critical for un-
derstanding emotions. However, VLMs are unable to represent temporal
information over dense frame sequences, as they are limited by context
size and the number of tokens that can fit in memory, which poses a
clear challenge for emotion recognition. We demonstrate that the sparse
temporal sampling strategy used in VLMs is inherently misaligned with
the fleeting nature of micro-expressions (0.25–0.5 seconds), which are of-
ten the most critical a!ective signal. As a diagnostic probe, we propose
a multi-stage context enrichment strategy that utilizes the information
from ‘in-between’ frames by first converting them into natural language
summaries. This enriched textual context is provided as input to the
VLM alongside sparse keyframes, preventing attentional dilution from
excessive visual data while preserving the emotional trajectory.

Keywords: Temporal Understanding · Vision-language models · Emo-
tion Recognition

1 Introduction

Comprehending human emotion is central to natural social interaction and a
prerequisite for trustworthy, human-centred AI. Emotion recognition infers a
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What is the emotional state of character in this video?

Ground Truth: Happiness Gemini2.5-Flash: Sadness Qwen2.5-VL: Neutral EmotionQwen: Disgust ❌❌❌✅

Ground Truth: Anger Gemini2.5-Flash: Anxiety Qwen2.5-VL: Neutral EmotionQwen: Neutral ❌❌❌✅

Fig. 1: Qualitative Failure Analysis of SOTA VLMs on Video Emotion Recognition.
VLMs like Gemini2.5-Flash, Qwen2.5-VL and EmotionQwen misclassify emotions by
failing to capture subtle, temporal cues. Examples include overlooking a brief smile
(top row, ‘Happiness’ misclassified as ‘Sadness/Neutral/Disgust’) or a tensed facial
expression (bottom row, ‘Anger’ misclassified as ‘Neutral/Anxiety’)

person’s a!ective state from behavioral signals (e.g., facial expressions, voice,
gesture), requiring the integration of subtle, dynamic patterns that unfold over
time. Humans excel at this by picking up on fleeting micro-expressions (0.25–0.5
seconds) [18, 23, 45], modulate interpretations by context, and cope with a nat-
urally long-tailed distribution in which common states (e.g ., neutral) dominate
while rare but consequential emotions occur infrequently.

Equipping digital systems with comparable sensitivity would bring tangible
benefits: from more supportive mental-health screening and safer conversational
agents to richer assistive technologies for education and care. Realising these
gains requires models that respect the temporal nature of a!ect and perform
robustly across both common and rare emotional states, aligning machine per-
ception more closely with the way humans read and respond to one another.

Contemporary Vision–Language Models (VLMs) such as the Gemini-series
[14,59] and Qwen-series [4,5,7,62] can demonstrate strong performance when rec-
ognizing static objects and in grounding long textual descriptions. However, they
do not yet exhibit robust emotion recognition abilities. Inferring human a!ective
state from video demands temporal modeling to track how emotions evolve [29]
and the capturing of short-lived micro-expressions. In practice, contemporary
VLMs often conflate closely related states (e.g ., sadness versus disappointment).
We hypothesize this gap arises because the task of dynamic emotion recognition
inherently relies on overcoming two long-standing challenges that contemporary
VLMs are uniquely vulnerable to: firstly, the inherently long-tailed distribution of
a!ective categories, which induces head-class bias, whereby VLMs over-predict
common emotions and under-recognize rare but consequential concepts. Sec-
ondly, inadequate temporal representation under limited context windows (token
budgets), which promotes a ‘bag-of-frames’ sampling strategy. This is fundamen-
tally misaligned with the fleeting nature of micro-expressions and disrupts the
temporal dynamics essential for accurate emotion classification.
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We investigate the root causes of these VLM performance deficiencies. We
ask three questions: 1) How large is the performance gap between VLMs and
vision-only classifiers in recognizing human emotions from video? 2) Why does
this gap arise? and 3) How can it be mitigated?

We adopt video-based emotion classification as a probe task; it couples
fine-grained spatial sensitivity to subtle facial muscle movements with tempo-
ral fidelity and short-lived micro-expressions, making it a stringent benchmark
for high-fidelity temporal modeling. This setting also reflects the intrinsically
long-tailed distribution of a!ective categories. We quantify failures, linking them
to two root causes: (i) head-class bias from long-tailed data and (ii) weak tem-
poral modeling under fixed token budgets that promote sparse, order-agnostic
frame sampling.

On our first issue, we highlight that VLMs trained on internet-scale data
induce natural biases and inherit skewed concept and class-frequency distribu-
tions [46,49]. Since underlying training data specifications are often proprietary,
we cannot directly quantify emotion class prevalence. However, we note that
vision-language datasets are predominantly constructed by scraping web images
and their associated HTML alt-texts. Because VLMs align visual features with
these text embeddings during contrastive pre-training, the lexical frequency of
an emotion concept in human-generated text directly dictates its representa-
tion density in the multimodal latent space. Building on this premise, we utilize
historical lexical frequencies of emotion terms in Google Books Ngrams [38, 47]
as a representative proxy for this pre-training distribution bias. This provides
a high-level correlative indicator of conceptual prevalence in human-generated
data, where we observe a pronounced long-tail. Class sparsity is inversely asso-
ciated with per-class classification accuracy. Rarer emotions incur larger error
rates in contemporary VLMs (see Sec. 3.3). The direct, empirical validation of
this hypothesis, via controlled dataset balancing, is presented in Sec. 4.1.

Our second key issue stems from observations that VLM abilities to retain
and prioritise relevant information degrade as context length increases [41, 67].
This limitation is exacerbated in subtle video understanding tasks such as emo-
tion recognition, where fine-grained cues are diluted by redundant frames under
a fixed token budget. To assess temporal understanding we vary frame-sampling
strategies and the e!ective frame rate, and probe order sensitivity by shu"ing
frames. We observe a quasi-bell-shaped relationship between performance and
the number of frames available during inference: accuracy initially improves with
denser evidence but declines once the token budget is saturated. Even at its peak,
we observe that VLM performance remains below vision-only classifier baselines.
Moreover, we observe that accuracy is largely invariant to frame ordering, indi-
cating weak temporal modelling and a reliance on order-agnostic aggregation of
per-frame appearance.

To mitigate these two fundamental failures, we propose corresponding ‘plug-
and-play’ solutions. To address the long-tail bias, we demonstrate the e#cacy of
a decoupled training strategy using a balanced dataset (Sec. 4.1). More centrally,
to solve the temporal bottleneck, we introduce a multi-stage context enrichment



4 Agarwal et al.

strategy. This inference-time pipeline addresses the core conflict between tempo-
ral density, needed for micro-expressions, and token budget limitations. Instead
of merely selecting from a sparse set of frames which risks information loss from
induced gaps, our approach enriches the context. We firstly use a VLM to per-
form modality translation on the ‘in-between’ frames, converting subtle motion
cues into high-level natural language summaries. This enriched textual context,
which VLMs excel at processing, is then fed to the VLM alongside the original
sparse keyframes to perform final classification, allowing the model to capture
the fleeting dynamics it would otherwise have missed. Crucially, our objective
is not to engineer a task-specific model to marginally surpass current Dynamic
Facial Expression Recognition (DFER) state-of-the-art benchmarks. Specialized
models utilizing 3D-CNNs or spatial-temporal transformers currently dominate
these metrics, but they lack the open-ended reasoning, zero-shot generalization,
and conversational capabilities of VLMs. Our primary contribution is therefore
not to chase these benchmarks but to provide a new understanding of VLM
behavior for a!ective computing. We systematically diagnose why generalized,
massive-scale VLMs fail at a!ective tasks, and demonstrate that unlocking their
temporal bottlenecks is a critical stepping stone toward achieving human-level
proficiency in a!ective scene understanding.

Our main contributions can be summarised as:
– We provide empirical evidence that long-tailed distributions, characteristic

of internet-scale data, correlate with per-class accuracy, explaining under-
performance in the emotion recognition task.

– We analyse temporal limitations of contemporary VLMs, using video-based
emotion classification as a probe to quantify performance and dissect root
failure causes.

– As a secondary, diagnostic intervention, we propose a plug-and-play strategy
that strengthens temporal modeling while keeping track of micro-expressions,
within fixed token budget, yielding consistent improvements in performance
on emotion classification tasks.

2 Related Work

2.1 Vision-Language Models for Videos

The rise of Large Language Models (LLMs) [4,8,9,60] has driven the use of vision
encoders with language models to handle multi-modal tasks. Vision-Language
Models [1, 7, 14, 59] have shown promising results in tasks like image caption-
ing and visual question answering. These approaches are further extended to
incorporate videos directly [2, 44, 68, 69], by employing cross-modal attention
and aligning video features with the LLM latent space. Although these mod-
els demonstrate promising early results on coarse-grained video understanding
tasks [27,64], they exhibit limited capacity to attend to specific video segments
and to perform temporal reasoning [3, 17,41,61].

In particular, recent benchmarks highlight that VLMs often exploit spatial
and textual biases rather than temporal reasoning [15], revealing a critical dis-
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parity between their observed performance and their underlying reasoning capa-
bilities. The performance deficit in temporal reasoning stems from several foun-
dational failures. Overly long context windows may introduce large amounts of
irrelevant context, which can mislead the model and diminish its ability to fo-
cus on task-relevant information [25, 31, 41, 67]. However, the challenge extends
beyond the size of the context window to the more fundamental limitation that
current models cannot utilize it e!ectively [3]. Most notably, with large con-
text windows, models succumb to irrelevant distractors, highlighting a deeper
attention failure rooted in the ‘bag-of-words’ tendency in foundational spatial
reasoning [50]. The problem is compounded by a positional encoding break-
down [21,54], which arises due to naïve handling of continuous video frames and
discrete language tokens in a similar manner. In contrast to previous work, we
focus on highlighting how these fundamental issues are a direct cause of failure
in complex temporal tasks like emotion understanding, along with an inference
strategy with enriched context.

A complementary line of work improves a!ective recognition by pairing facial-
language models with structured or specialist facial cues. For DFER, DK-CLIP
[35] and PE-CLIP [53] inject AU-grounded textual prompts into CLIP, Fine-
CLIPER [11] fuses landmarks, segmentation masks, and MLLM-generated de-
scriptions, and AU-DFER [39] adds AU–expression priors to conventional net-
works. For static FER, ExpLLM [34] derives a chain-of-thought from detected
Action Units to guide an MLLM. Dedicated facial-video MLLMs such as FaVChat
[73] further report strong DFER results, surpassing a 72B generalist VLM on
DFEW by a wide margin. Rather than contradicting our analysis, these works
reinforce it: each succeeds by supplying generalist VLMs with the additional
structure or specialisation our diagnosis shows they lack.

2.2 Long-Tail Bias

Long-tailed data distributions are known to degrade deep learning performance
[20,71], with bias embedding deeply in the feature representations, not just the
final predictions [40]. Therefore, contemporary solutions aim to mitigate the fi-
nal classification output and also seek to correct the underlying distortion in
the feature space. Long-tail distribution bias is not limited to classification; it
also prevails in regression [75], semantic segmentation, and instance segmenta-
tion [65, 70]. A standard approach for handling long-tail imbalance is through
class rebalancing [19, 42, 66], which alters the training distribution by over-
sampling tail classes [10] or under-sampling head classes. While simple, these
methods risk overfitting on the tail or discarding valuable information from the
head. Information augmentation techniques are also used to enrich the sparse tail
class by creating synthetic samples using generative models like GANs [22,33,51]
or LLMs [13,63]. Such approaches typically incur substantial computational over-
head and are currently infeasible for video-based classification tasks using VLMs,
which are already pre-trained on massive web-scale data. Alternative prior work
decouples training into a two-stage approach [32, 48, 57] in which a generalised
feature extractor is trained firstly on a naturally imbalanced dataset, followed by
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classifier finetuning using a class-balanced sampler. We adopt pretraining plus
class-balanced finetuning to probe the long-tail hypothesis with minimal con-
founds, deferring more advanced mitigation (e.g . logit adjustment, reweighting,
tail augmentation) to avoid added complexity and compute while keeping the
focus on diagnosis.

3 Systematic Diagnosis of VLM Deficiencies

We designed experiments to validate our hypothesis: class imbalance in training
data and architectural limitations of VLMs lead to poor performance on temporal
understanding tasks, like emotion classification. We perform multi-class emotion
classification using both VLMs and vision-only classifiers towards thorough ex-
perimental evaluation; experimental details follow.

3.1 Dataset and Evaluation Metrics

To evaluate dynamic emotion recognition, we utilize two in-the-wild datasets:
MAFW [43] (11-class emotions) and DFEW [30] (7-class emotions). Standard
DFER evaluation conventionally relies on two primary metrics: Weighted Av-
erage Recall (WAR), representing overall accuracy by accounting for class pro-
portions, and Unweighted Average Recall (UAR), which averages recall across
all classes regardless of frequency. UAR is uniquely critical as it treats every
emotion category equally, preventing the majority classes from masking minor-
ity class failures. Standard WAR metrics often mask failures on the minority tail
in imbalanced datasets like DFEW. We therefore utilise balanced testing splits,
sampling 495 videos (45 videos per class) for MAFW and 700 videos (100 videos
per class) for DFEW, to ensure a rigorous evaluation free from majority-class
bias and use the remaining videos for training. Due to this uniformity, UAR and
WAR are mathematically identical in our evaluations.

3.2 Models

We used representative examples from four model categories for our experimental
work: closed-source general-purpose VLMs (Gemini2.5-Flash [14]), open-source
general-purpose VLMs (Qwen2.5-VL [7], Qwen2.5-Omni [68], Qwen3-VL [6],
Video-LLaVA [36], LLaVA-NeXT-Video [72], InternVL-3.0 [74]), open-source
task-specific VLMs (EmotionQwen [28]), and open-source task-specific vision-
only classifiers (MAE-DFER [55] and HiCMAE [56]). The task-specific mod-
els are models designed specifically for emotion understanding. Where possible,
open-source VLM parameter counts were kept within the 7–8B range for fair
comparison.

3.3 Long-tail distribution e!ects

Real-world data distributions with respect to model performance:
Empirical category frequencies in many naturalistic and web-scale datasets are
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heavy-tailed and well approximated by Pareto and Zipf-like distributions [52,58]:
a small number of object categories are exceptionally common, while the vast
majority are rare.

Early in the deep-learning era, computer vision models were often evaluated
on artificially balanced datasets like ImageNet [16] and MS-COCO [37], whereas
modern VLMs are trained on larger, web-scraped data. Consequently, the under-
lying data distribution is often opaque, particularly the class-conditional sam-
pling frequencies and long-tail coverage relative to any chosen label set. A class
distribution is considered long-tailed when a small minority of head classes ac-
count for a substantial share of all training examples, while the majority of tail
classes each have few examples and their frequencies decline in a heavy-tailed (of-
ten power-law) manner. In practice, the analysis of common large-scale datasets,
used for fine-tuning VLMs, exhibit long-tail patterns [49].

anger anxiety contempt disappoint disgust fear happy helpless neutral sad surprise

MAFW

English Chinese F1 (Gemini2.5-Flash) F1 (Qwen2.5-VL)

angry disgust fear happy neutral sad surprise

DFEW

English Chinese F1 (Gemini2.5-Flash) F1 (Qwen2.5-VL)

Fig. 2: Correlation between Lexical Frequency and VLM Accuracy. We plot per-class
F1 scores for VLMs against the lexical frequency of emotion terms in the Google Books
Ngram corpus. The positive correlation suggests a head-class bias: rarer emotions (e.g.,
‘contempt’, ‘helplessness’) have lower lexical frequency and correspond to weaker VLM
performance.

As an initial probing analysis, we estimate the data distribution for eleven
classes from the MAFW [43] dataset. For VLMs trained on image-text pairs, we
note that text frequency dictates supervision. With proprietary pre-training data
unavailable, we utilize historical lexical frequencies in Google Books Ngrams [38,
47] as a representative proxy for this ‘linguistic bottleneck’. As established in our
results, the strong correlation between Ngram frequency and VLM error rates
provides suggestive empirical support for this proxy. We selected the per-class
frequency from the July 2024 corpora for each emotion label in English and
Chinese languages. We compare Ngram frequency with the per-class F1 score
of Gemini2.5-Flash [14] and Qwen2.5-VL [7] inference results, using a uniformly
balanced test set from MAFW [43], in a zero-shot setting (Figure 2). We calcu-
late the Pearson correlation coe#cient for each pair to estimate the relationship
between model predictive accuracy and the occurrence of each class in Google
Books Ngram data. Unlike prior work establishing long-tail inheritance for gen-
eral objects via synonym counts in pretraining captions [49], we show this bias
in emotion recognition couples to historical lexical prevalence, with cross-lingual
consistency suggesting a deeper cultural and linguistic skew beyond raw pre-
training statistics. The Pearson correlation coe#cient is calculated using:

r =

∑n
i=1(xi → x̄)(yi → ȳ)√∑n

i=1(xi → x̄)2 ↑
∑n

i=1(yi → ȳ)2
, (1)
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English Chinese Gemini2.5-Flash Qwen2.5-VL

English 1.000
(—)

0.8825
(0.0003)

0.7927
(0.0036)

0.8041
(0.0029)

Chinese 0.8825
(0.0003)

1.000
(—)

0.6343
(0.0361)

0.7547
(0.0073)

Gemini2.5-Flash 0.7927
(0.0036)

0.6343
(0.0361)

1.000
(—)

0.8176
(0.0021)

Qwen2.5-VL 0.8041
(0.0029)

0.7547
(0.0073)

0.8176
(0.0021)

1.000
(—)

Table 1: Correlation between per-class occurrence in Google Books Ngram data (En-
glish, Chinese) and F1 accuracy of Gemini2.5-Flash and Qwen2.5-VL on MAFW. We
report correlation coe"cients and (p-values).

where x and y are the two signals and x̄ and ȳ are their respective means, and
n is the number of data points (here emotion classes). Statistical significance
is assessed using a two-tailed t-test, with p-values across model-language pairs
(Gemini2.5-Flash and Qwen2.5-VL; English and Chinese) indicating that all cor-
relations are statistically significant (p < 0.05; see Table 1). VLMs are trained
predominantly on English web data, so English Ngrams are expected to be the
closer proxy; Chinese a!ective lemmas are also more polysemous, inflating raw
frequency relative to a!ective usage.The cross-lingual consistency of the corre-
lation, rather than the absolute frequencies, is what strengthens the long-tail
interpretation.

We further examine whether similar correlations emerge in specialist (vision-
only) emotion classifiers, thus controlling for VLM-specific pretraining and con-
text windows. Essentially our objective is to test whether the observed accu-
racy–frequency coupling reflects the long-tailed training distribution itself. We
selected two state-of-the-art models MAE-DFER [55] and HiCMAE [56], which
are based on the MAE [24] architecture and pre-trained on Voxceleb2 data [12].
Voxceleb2 contains no emotion classification labels yet we treat this as a large
audio-visual resource, capable of producing a strong, general purpose feature
extractor. We fine-tuned the models on the training split of the MAFW dataset
(Sec. 3.1), which exhibits class imbalance. Some of the classes are high-frequency:
anger, happiness, neutral, sadness, surprise, while others are nuanced or long-
tail: contempt, disappointment, helplessness. We evaluate the performance of
the fine-tuned models on the evenly sampled testing split. We observe a sim-
ilar performance pattern in specialized vision-only video classification models.
For instance, the F1 score for happiness was 0.70 in MAE-DFER, while low-
frequency classes like contempt and disappointment has 0.18 and 0.22, respec-
tively. Similarly, HiCMAE has an F1 score of 0.69 for happiness, but 0.04 and
0.16 for helplessness and disappointment, respectively. These findings are con-
sistent with our conjecture that web-scale pretraining data, ingested by VLMs,
are long-tailed over emotion categories, contributing to weaker performance on
under-represented emotions.

Validating the performance on a class-balanced dataset: As Gemini2.5-
Flash cannot be fine-tuned (code unavailable), we report its per-class behaviour
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Fig. 3: Confusion matrices for the classification task on MAFW dataset. Original data
distribution (top row); fine-tuning with balanced dataset distribution (bottom row).

as a measurement of bias rather than a mitigation result. This is relevant for
downstream users of closed models, who cannot retrain but can use such esti-
mates to calibrate trust. The model achieved F1 scores of 0.60 for happiness, 0.09
for helplessness, and 0.26 for disappointment. These results are comparable to
those obtained with Qwen2.5-VL, which recorded F1 scores of 0.54 for happiness,
0.0 for helplessness, and 0.07 for disappointment. This indicates that current
VLMs have not e!ectively learned to recognize nuanced emotional expressions;
instead, they tend to rely on memorization of the most frequent emotion labels.

When presented with videos depicting rare emotions such as disappointment,
the investigated models often resort to predicting the high-frequency or common
emotion categories (Figure. 3, e.g . top-row, last-column). The confusion matrices
reveal strong diagonals for high-frequency classes (e.g ., neutral), while predic-
tions for long-tail emotions (e.g ., contempt, disappointment) are scattered and
inconsistent. This pattern refutes the assumption that class confusion may stem
solely from semantic similarity (e.g., Sadness vs. Disappointment). Crucially, our
error analysis reveals asymmetric confusion: rare classes systematically collapse
into common classes (Disappointment ↓ Sadness), but the reverse almost never
holds. Pure semantic confusion is bidirectional, whereas this pronounced asym-
metry confirms that models default to high-frequency priors rather than failing
due to semantic ambiguity. We formalise this with a Directional Asymmetry
Index in the supplementary material. Overall, the results highlight a key limi-
tation of current VLMs: training on long-tailed datasets leads to the systematic
collapse of low-frequency emotions toward high-frequency categories, thereby
diminishing sensitivity to subtle emotional variations.
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3.4 Temporal Understanding

Do VLMs leverage frame ordering information? Emotion recognition re-
lies on temporal cues that involve micro- and macro-expressions [18,23,45], evolv-
ing over time. This suggests that temporal information likely plays a key role. To
examine how crucial temporal information is to task success, we modify the input
video frame ordering. For a given input video V with [I1, I2, . . . , IL] frames, we
randomly shu"e the frame order. We evaluate the performance of both VLMs
and vision-only classifier models with two sets of input videos containing identical
visual (i.e. spatial and appearance) information: one with the original chrono-
logical temporal ordering and one with the temporal frames shu"ed (FS). The
specialized temporal models (MAE-DFER, HiCMAE) show a significant (15–
16%) performance drop in macro-averaged F1 score. In contrast, VLM model
performance remains largely indi!erent to frame shu"ing (see Table 2). Across
varying model scales and specific visual integration techniques, the vulnerabil-
ity remains strikingly consistent: VLMs performance remains largely indi!erent
to random temporal shu"ing, confirming an order-agnostic ‘bag-of-frames’ pro-
cessing strategy in all instances.

Our experiment highlights a critical limitation in the temporal awareness
and reasoning of current VLMs. This insensitivity provides strong evidence of
an over-reliance on frame-level spatial features, indicating a failure to reason
across temporal information. We demonstrate that models are not merely fail-
ing to reason, but are architecturally defaulting to a ‘bag-of-frames’ processing
strategy. Furthermore, this suggests that the order-aware processing imposed
by causal attention masking, which is intended to implicitly guide inter-visual
token interactions and guarantee architectural temporal ordering, is also fail-
ing. Our frame-shu"ing probe provides a real-world corollary that complements
SpookyBench [61] by evaluating naturalistic, high-resolution video rather than
noise-based patterns, holding spatial content constant while removing only tem-
poral order. While both works find an over-reliance on spatial cues, we identify
a distinct failure mode: redundancy-driven attentional dilution. Unlike the fail-
ure on noise sequences, we show that accuracy drops as visual token density
increases and saturates the model budget, revealing an architectural inability to
isolate fleeting signals from clear but redundant frames.

Context Windows and Irrelevant Distractors: Contemporary VLMs pro-
cess visual frames by dividing them into tokens. These visual tokens are treated
analogously to text tokens within the model architecture. Although this design
choice appears straightforward and easily adaptable, it overlooks the fundamen-
tal distinctions between the modalities. Text tokens are discrete semantic units
and categorical: equality is all-or-nothing. Thus ‘cat’ and ‘dog’ are distinct labels;
in a standard one-hot representation, their vectors are orthogonal. Video frames,
however, are dense, continuous, and highly correlated; two adjacent frames in
a video are often highly similar. This signifies that a large portion of video in-
formation is typically redundant and, for a specific targeted query, often even
irrelevant. This problem is compounded by a mechanistic imbalance: video token
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Model MAFW DFEW
Precision Recall F1 Precision Recall F1

MAE-DFER 0.4394 0.3919 0.3602 0.6883 0.6086 0.5645
MAE-DFER FS 0.4959 0.3354 0.3041 0.5006 0.5229 0.4802
HiCMAE 0.5040 0.4404 0.3993 0.6935 0.6214 0.5725
HiCMAE FS 0.4979 0.3778 0.3345 0.4807 0.5329 0.4797
Qwen2.5-VL 0.2849 0.2727 0.2449 0.5053 0.4614 0.4552
Qwen2.5-VL FS 0.3527 0.2727 0.2506 0.5015 0.4643 0.4534
Qwen2.5-Omni 0.4517 0.3253 0.306 0.5557 0.4700 0.4296
Qwen2.5-Omni FS 0.4502 0.3172 0.2972 0.5276 0.4614 0.4226
Qwen3-VL 0.4180 0.3313 0.2738 0.6380 0.5843 0.5511
Qwen3-VL FS 0.3198 0.3273 0.2615 0.6468 0.5871 0.5538
EmotionQwen 0.3478 0.2925 0.2581 0.5521 0.5329 0.5010
EmotionQwen FS 0.3185 0.3057 0.2517 0.5383 0.4968 0.4895
Video-LLaVA 0.1126 0.1630 0.0870 0.1490 0.2800 0.1654
Video-LLaVA FS 0.0811 0.1569 0.0814 0.1514 0.2570 0.1531
LLaVA-NeXT-V 0.1853 0.2040 0.1438 0.5351 0.3474 0.2969
LLaVA-NeXT-V FS 0.1705 0.1980 0.1382 0.4366 0.3314 0.2712
InternVL-3.0 0.3441 0.2828 0.2445 0.5561 0.5357 0.5044
InternVL-3.0 FS 0.3370 0.2667 0.2326 0.5669 0.5214 0.4985
Gemini2.5-Flash 0.4112 0.3869 0.3758 0.6412 0.6331 0.6008
Gemini2.5-Flash FS 0.4286 0.3817 0.3626 0.6246 0.6120 0.5778

Table 2: Model performance on two datasets (MAFW and DFEW) for normal videos
vs Frame Shu#ed (FS) videos using vision-only classifiers (top section) and VLM-based
architectures (bottom section).

embeddings possess a significantly larger vector norm than text token embed-
dings [50]. Given that attention mechanisms already struggle to model extended
temporal context, enlarging the context with distracting and irrelevant content
can further exacerbate this limitation. This phenomenon is a video-centric man-
ifestation of the ‘lost-in-the-middle’ problem [41], where model attention is con-
fused by noise, and performance degrades as sequence length increases.

To evaluate the performance of the model with a varying amount of visual
information, we perform an experiment that controls the number of video input
frames. We perform this experiment on Qwen2.5-VL [7] and EmotionQwen [28],
as their open-source nature allows for fine-grained control over frame-sampling
inputs. Closed-source models like Gemini2.5-Flash [14] do not provide this level
of API control, and are thus omitted from this specific test. We started by
sampling one frame every second from video input and instruct the Qwen2.5-
VL [7] model to infer the emotional state from the given sampled frames only.
We then increase the number of frames per second to 5, 10, 15, 20, and 25.
We observe that, initially, model performance improves when it enjoys access
to more frames i.e., more visual information is available to infer the emotional
state. However, as we increase the number of frames, model performance starts to
degrade, and even eventually drops below the performance obtained when using
one frame per second. We repeat the experiment with EmotionQwen [28] and
note similar performance trends. (Additional results in supplementary material)
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Fig. 4: VLM Performance vs. Input Frame Rate. We plot the macro-averaged F1-score
of Qwen2.5-VL and EmotionQwen as a function of frames-per-second (FPS) on MAFW
dataset. The quasi-bell-shaped curve shows performance initially improving (1–5 FPS)
but then degrading significantly (> 5 FPS), demonstrating attentional dilution from
redundant visual tokens.

The performance curves shown in Figure 4 provide empirical evidence in
support of our hypothesis that attention mechanisms in VLMs degrade with ex-
cessive information and fail to retain long-term context. The initial performance
gain is expected, and the subsequent degradation at high frame rates is a no-
table finding that highlights underlying architectural limitations. This behavior
is particularly damaging for complex temporal tasks like emotion understanding,
which likely require fine-grained temporal sensitivity to reliably classify micro-
expressions. The quasi-bell-shaped curve (Figure 4) provides compelling empir-
ical evidence that VLM attention is not just limited, but is actively diluted by
high-density, redundant visual input. This confirms that redundancy and dis-
tractors, and a limited ability to exploit long context, constitute a principal
bottleneck for temporal reasoning in contemporary VLMs.

4 Enhancing Emotions via Distribution and Dynamics

4.1 Mitigating Long-Tail Bias

Furthering our high-level correlative analysis (Section 3.3), we next consider
direct empirical validation of the long-tail hypothesis. To evidence that data im-
balance is a primary cause of failure, we employed a ‘decoupled’ training strat-
egy. We take advantage of the strong feature extraction capabilities learned by
models trained on large-scale data. We sampled ↔1500 videos from the MAFW
dataset, such that each class has an equal number of samples. We fine-tune both
MAE-DFER and HiCMAE on the new uniformly sampled balanced distribu-
tion. Despite a six-fold reduction in available fine-tuning data, the distribution
of predicted labels at inference is appreciably more uniform across classes, indi-
cating reduced head-class bias. We repeat a similar experiment with Qwen2.5-
VL, using LoRA-based finetuning [26]. As shown in Figure 3, this balanced
finetuning validates our long-tail hypothesis. It improves tail-class performance
and yields a more uniform prediction distribution, confirming the issue is data
bias rather than an inherent incapacity for these emotions. In summary, our
decoupled pretrain–then–balanced finetuning is simple yet e!ective: it preserves
web-scale representations while correcting head-class bias without introducing
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t = 0.0s 0.25s 0.5s 0.75s t = 1.0s

The Temporal 

Bottleneck 

(Baseline)

In-between frames

VLM

✕
Prediction: Neutral 

(Micro-expression missed)

Multi-Stage 

Context 

Enrichment 

(MSCE)

Stage 1: Motion-to-Text 
Translation

Motion: The character's lips move upwards 
into a brief smile.

✓
Prediction: Happiness 

(Enriched context successful)

VLM VLM

VLM

Stage 2: Interleaved Context Classification

Fig. 5: Multi-Stage Context Enrichment (MSCE) is a two-stage inference pipeline. Top
(baseline): a VLM given only sparse keyframes misses the fleeting micro-expression in
the in-between frames and predicts Neutral. Bottom (MSCE): in Stage 1 (Motion-to-
Text Translation), the VLM converts the in-between frames into a compact motion
description of the micro-expression; in Stage 2 (Interleaved Context Classification),
this textual summary is interleaved with the sparse keyframes for a final prediction,
recovering the correct label (Happiness).

additional modeling or data-generation confounds. This lightweight step yields
consistent gains across all models, providing a pragmatic and clean mitigation
when the pretraining distribution is opaque and retraining is infeasible.

4.2 Multi-Stage Context Enrichment for Temporal Reasoning

Our analysis in Section 3.4 provides empirical evidence that VLMs struggle with
temporal reasoning due to two competing problems: 1) sparse sampling (e.g ., 1
FPS) misses fleeting micro-expressions, and 2) dense sampling (e.g . >10 FPS)
overwhelms context windows with redundant distractions. This results in a criti-
cal problem: diagnostically salient a!ective cues frequently reside in frames that
sparse sampling necessarily excludes under context-window constraints. Unlike
frame selection methods such as TCoT [3], which discard content in unsampled
temporal gaps and risk losing information, we propose a Multi-Stage Context En-
richment (MSCE) strategy. Rather than discarding these gaps, MSCE translates
their inherent motion cues into compact natural-language summaries, a modal-
ity that vision-language models (VLMs) process highly e!ectively. By converting
high-volume, redundant visual tokens into low-volume, information-dense text
tokens, we augment the model’s e!ective context while respecting the token bud-
get. This strategy is illustrated in Figure 5 and is executed in two stages.

MSCE Stage 1: Motion-to-Text Translation: For video V , we sample n
frames K = {k1, k2, . . . , kn}, corresponding to our baseline sparse sampling
strategy (e.g., 1 FPS dictates that k1 is at 0.0 seconds, k2 is at 1.0 seconds,
etc.). We refer to this as a set of keyframes and this sparse sampling creates
n→ 1 temporal gaps, containing unobserved intermediate frames. For each tem-
poral gap j (containing frames between ki and ki+1), we sample a small, denser
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set of intermediate frames, Gj = {gj1 , gj2 , . . . , gjm}. These frames are sampled
uniformly, to maximize input information. The set Gj is intentionally kept small
(m = 4 in our experiments) to avoid overwhelming VLMs and minimize attention
dilution. The set Gj are then processed through the VLM to provide a textual
summary of the facial temporal movements, and to capture micro-expressions.
This granular text, containing motion information, serves as a surrogate for the
temporal information lost under sparse frame sampling, and provides high-level
context, absent from the visual inputs. At the end of Stage 1, we have a list of
n → 1 textual summaries, T = {t1, t2, ..., tn→1}, where each ti describes motion
that the sparse keyframes K have missed.

MSCE Stage 2: Interleaved Context Classification: The second stage
synthesizes sparsely sampled frames K with the generated textual motion sum-
maries to provide a holistic emotion classification. We create a single text prompt
that inter-leaves the keyframes from K with the text summaries from T in
chronological order. The input to the final VLM is structured as:
{k1, t1, k2, t2, . . . , kn→1, tn→1, kn}. The VLM is then prompted to make a final
classification based on this complete, enriched context using prompt:

Analyze the following sequence of sparse keyframes and the
detailed motion descriptions for the gaps between them.
FrameID 1:{k1}, Motion:{t1},· · · , FrameID n:{kn}.
Question: {question}
Emotion Labels choices: {List of Emotion Labels}

MAFW DFEW
Model Precision Recall F1 Precision Recall F1
Qwen2.5-VL 0.2849 0.2727 0.2449 0.5053 0.4614 0.4552
Qwen2.5-VL +MSCE 0.3293 0.3091 0.2731 0.5204 0.4900 0.4820
EmotionQwen 0.3478 0.2925 0.2581 0.5521 0.5329 0.5010
EmotionQwen +MSCE 0.3617 0.3061 0.2683 0.5635 0.5429 0.5147
LLaVA-NeXT-V 0.1853 0.2040 0.1438 0.5351 0.3474 0.2969
LLaVA-NeXT-V +MSCE 0.2294 0.2323 0.1715 0.5167 0.3714 0.3171

Table 3: Our Multi-Stage Context Enrichment (MSCE) strategy results in consistent
F1 score improvement compared with baseline sparse sampling.

This interleaved architecture directly remedies the core failures identified
in Section 3.4. We further contrast MSCE with the frame-selection method
TCoT [3] under a matched Qwen2.5-VL setup. Because micro-expressions last
only 0.25–0.5 s, a coarse macro-level selection search such as TCoT [3] discards
the unselected gaps that carry vital a!ective signal, leaving its F1 at or below the
sparse baseline (0.241 vs. 0.245 on MAFW, 0.450 vs. 0.455 on DFEW), whereas
MSCE improves over both (0.273 and 0.482). Our strategy yields a consistent
performance improvement (Table 3), further demonstrating that reasoning over
temporally intermediate content is critical. While these gains are moderate, they
are diagnostically conclusive for our temporal hypothesis. They empirically prove
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that critical a!ective cues reside in the temporal gaps discarded by sparse sam-
pling, and demonstrate that these cues can be recovered and utilized by VLMs
via modality translation. The textual summary ti acts as a ‘temporal bridge’,
providing explicit, high-level semantic context that spans the visual gap between
keyframe ki and ki+1. This allows the model to reason over the evolution of an
expression, e.g . a micro-expression fleetingly appearing and disappearing, and
consequently, it moves beyond the order-agnostic aggregation of per-frame spa-
tial features. We provide initial evidence that modality conversion can preserve
essential temporal information while avoiding visual-token overload.

5 Limitations and Discussion

While MSCE provides measurable gains, its implementation highlights three
structural frontiers in long-form video understanding. First, MSCE functions as
a strategic intervention rather than a final resolution. While it improves access
to temporal cues, we acknowledge that text summarization may introduce gen-
eration noise. However, this dependency strategically shifts the burden from the
model’s weak long-term temporal retention to its strong short-term descriptive
capabilities. By interleaving text summaries with original keyframes, the text
serves as a supporting signal rather than a sole dependency, with empirical re-
sults confirming that the recovered temporal information outweighs any noise
introduced by the process. Future work may pursue video-native architectures
to permanently resolve the underlying deficit in long-horizon temporal model-
ing. Second, current VLM attention degrades with very long visual contexts,
which constrains sensitivity to micro-expressions; potential remedies include hi-
erarchical or sparse temporal attention and improved long-sequence positional
encodings. Third, our long-tail analysis relies on Google Books Ngram frequen-
cies as a correlative, non-causal, proxy for training priors. Given the opacity of
web-scale corpora, additional frequency proxies can strengthen the analysis.

6 Conclusion

We investigate the critical failure of modern VLMs to comprehend human emo-
tion and empirically demonstrate that this problem stems from two fundamental
flaws. First, we provide quantitative evidence that VLM failures are data-driven.
By correlating model accuracy with lexical frequency, we show that VLMs in-
herit a long-tail bias from their pretraining data, causing them to conflate rare
emotions with their high-frequency counterparts. Second, we demonstrate that
this limitation is inherently architectural. Empirically, VLMs struggle with tem-
poral modeling, lacking sensitivity to frame order. Moreover, performance dete-
riorates as visual input density increases, indicating limited capacity to exploit
the dense context required to detect micro-expressions. Our experiments sug-
gest that these shortcomings, while potentially addressable, are deeply rooted
in current data and architectural practices. Consequently, advancing toward ro-
bust a!ective computing will require fundamental shifts, including a thorough
reconsideration of VLM training regimes and temporal modeling architectures.
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