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Abstract. Automatic recognition of ambivalence and hesitancy is chal-
lenging because these states may be expressed through inconsistent lin-
guistic, acoustic, facial, and contextual patterns, while top-performing
systems often rely on computationally expensive ensembles. We present
a single text-centered multimodal approach for video-level ambivalence
and hesitancy recognition for the 11th Affective & Behavior Analysis in-
the-Wild (ABAW) Challenge. The proposed approach combines linguis-
tic, acoustic, facial, and scene features using text-centered multimodal
fusion model. Text Residual Fusion treats text as the anchor modality
and applies gated residual adjustments based on the other modalities.
Experiments on the Behavioural Ambivalence/Hesitancy (BAH) corpus
confirm that text is the strongest unimodal modality. The Text Resid-
ual Fusion model achieves an average Macro Fl-score (MF1) of 75.14%
across the Development and Public Test subsets. On the Private Test
subset, it reaches an MF1 of 78.24%, outperforming the text model by
4.03%. These results demonstrate that complementary multimodal infor-
mation can improve recognition performance without requiring a large
model ensemble.

Keywords: Ambivalence recognition - Multimodal features- Text-centered
multimodal fusion model.

1 Introduction

Ambivalence and hesitancy are complex affective states that may be expressed
through inconsistent linguistic, acoustic, facial, and contextual information. Their
automatic recognition is therefore relevant to affective computing, which studies
human affect from face |25|, audio [9], text [6], and bodily modalities [17], with
applications in human—computer interaction, healthcare, education, and assistive
systems |21]. The Ambivalence / Hesitancy (AH) Video Recognition task of the
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11th Affective & Behavior Analysis in-the-Wild (ABAW) Challenge addresses
this problem at the video-level using the Behavioural Ambivalence/Hesitancy
(BAH) corpus [10]. In digital behavior-change scenarios, such states may reflect
uncertainty, resistance, unstable motivation, or potential disengagement [4].

Previous studies have shown that transcripts provide the strongest unimodal
signal for this task, whereas facial and acoustic information can further improve
performance when fused effectively [10112,[26]. This finding motivates an asym-
metric fusion strategy in which text serves as the primary semantic representa-
tion, while audio, face, and scene modalities provide complementary information.
This design is consistent with recent studies on modality-aware and uncertainty-
aware multimodal fusion [8|, as well as with broader advances in multimodal
affective computing [15/[16].

The 10th ABAW Challenge also highlighted a practical limitation of current
top-performing systems [3.{20,23]: the three highest-ranked solutions used ensem-
bles or multiple prediction branches, and the winning method combined approx-
imately twenty models [20]. Although such systems may achieve high benchmark
performance, they require substantially greater computational resources, infer-
ence time, memory, and implementation effort. In this work, we propose a single
text-centered multimodal approach that combines text, audio, face, and scene
modalities without relying on a large ensemble. The proposed approach aims to
preserve complementary multimodal information while offering a more compact
and practically deployable solution for video-level AH recognition.

2 Related Work

2.1 Ambivalence and Hesitancy Recognition

The BAH benchmark introduced in [10] established the main experimental set-
ting for video-level AH recognition. The authors evaluated unimodal and mul-
timodal systems using face, audio, and text modalities. The examined fusion
methods included feature concatenation, co-attention, Transformer-based fusion,
and cross-attention. The results showed that text was the strongest individual
modality. The official baseline also included a zero-shot Multimodal LargeLan-
guage Model (M-LLM) based on Video-LLaVA [1§].

Submissions to the challenge confirmed this finding. Hallmen et al. [12] com-
bined visual features extracted using a Vision Transformer (ViT) [5], acoustic
features obtained using Wav2Vec2 [2|, and textual features produced by Bidirec-
tional Encoder Representations from Transformers (BERT) [7]. They used Long
Short-Term Memorys (LSTMs) [13] and an Multilayer Perceptron (MLP) [22]
for temporal modeling and multimodal fusion. Savchenko et al. [26] extracted
facial, acoustic, and textual features with EmotiEffLib 27|, Wav2Vec2 |2|, and
RoBERTa [19|, respectively, and evaluated both early and late fusion strate-
gies. Both studies identified text as the strongest unimodal source, while im-
provements from multimodal fusion depended on the effective preservation of
complementary information [§].



Team RAS: Multimodal Ambivalence Recognition Approach 3

2.2 Top Systems of 10th ABAW Challenge

The three highest-ranked solutions in the AH task of the 10th ABAW Chal-
lenge relied on model ensembles. The third-ranked system [23| combined scene,
facial, acoustic, and textual features. Its final results on the Private Test sub-
set was obtained using an ensemble of five prototype-augmented multimodal
fusion models. The second-ranked ConflictAwareAH system [3] combined video,
audio, and text modalities with pair-wise cross-modal conflict features and text-
guided late fusion. Its final submission also used an ensemble of five models.
The winning BROTHER system [20| employed a considerably larger ensemble
of approximately twenty heterogeneous models and combined their predictions
using a voting strategy.

Although these results demonstrate the effectiveness of model ensembles,
the use of five to twenty models substantially increases computational cost, in-
ference latency, memory requirements, and implementation complexity. These
factors complicate the practical deployment and reproduction of such systems
and motivate our focus on a single text-centered multimodal fusion model.

3 Proposed Approach

The pipeline of the proposed approach is shown in Figure [Il The details are
described below.
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Fig. 1: Pipeline of the Text Residual Fusion model.
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3.1 Text Model

Textual features are extracted using a RoBERTa-base model pre-trained on the
GoEmotions datasetﬂ During training, the embedding layer and the first four
Transformer encoder layers are frozen.

Let an input text sequence of length T**! be represented by a matrix of
token embeddings:

text
Xtezt — [l,tlext, Iéezt, o ,Igﬂeﬁ%] c RT ><768' (1)

Each token z!*** is mapped to a contextual representation by the encoder
layers, producing the hidden-state matrix:

H'' = Encoder(X %) = [Rie" et . piet,] e RT X708 ()

The pooled representation corresponding to the classification token is used
for the final prediction. This sentence-level representation is passed to an MLP
classification head consisting of a dropout layer, a Fully-Connected Layer (FCL),
a tanh activation function, a second dropout layer, and a final FCL with two
output units.

3.2 Audio Model

Before training the audio model, each video is converted into a waveform sampled
at 16 kHz and processed as a full audio, without voice-activity filtering. The
acoustic features are extracted from the tenth Transformer layer of a frozen
Wav2Vec2 model [2J°] The resulting audio sequence is represented as

Xaudio — [l,eixudio7 x;udio’ s ;&%iﬁo] e RT“dio><10247 (3)
where 2814i° denotes the acoustic embedding corresponding to the t-th temporal
interval. The extracted features are first projected into a compact hidden space
and then processed by a bi-directional Mamba [11] block, followed by dropout
and a residual connection. The resulting temporal acoustic features are denoted
by Haudio c RT“(“‘)X256.

Because AH behavior may occur only during short intervals of a recording,
frame-level annotations are used as auxiliary temporal supervision to help the
model localize such events. These annotations are converted into token-level soft
targets. For the set F; of video frames temporally aligned with the ¢-th audio
token, the target is defined as

~ 1
Yt = 77 Z Yj- (4)
i)

4 https://huggingface.co/SamLowe/roberta-base-go_emotions
® https://huggingface.co/facebook/wav2vec2-large-robust
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A token-level head consisting of a single FCL produces a token-level logit z;
and the corresponding probability p; = o(z;). For file-level classification, masked
mean and max pooling over H2"4° are concatenated with the mean, maximum,
top-K mean, and threshold statistics of the token-level probabilities, producing
a 518-dimensional descriptor. This descriptor is processed by an MLP consisting
of two FCLs. Layer Normalization (LN) and dropout are applied before the first
layer, while a GELU activation function and dropout are applied between the
two FCLs. The final FCL contains two output units. The audio model is trained
using a combination of file-level and token-level supervision:

L= Eﬁle—level + O~5£t0ken—level + O-O2lcsm00th + O-LCeventr (5)

where Lgle_level denotes the main cross-entropy loss for the file-level AH label.
The auxiliary term Lioken—level 1S a token-level binary cross-entropy loss whose
soft targets are obtained from the 24 fps frame-level annotations. The smoothness
loss penalizes isolated peaks in the token-level probabilities, while the event loss
applies binary cross-entropy to the maximum token logit, encouraging the model
to detect short AH intervals within long recordings. The auxiliary-loss weights
were selected based on performance of the Development subset.

3.3 Face Model

Face regions are detected using a YOLO-based face detectmﬁ The detected
regions are resized to 224 x 224 pixels and processed by the frame-level facial
emotion encoder Emo-AffectNet [24], which produces a 512-dimensional feature
vector for each face. A video containing 7% retained face regions is represented
as

face
Xface — [xﬁace’ xgace7 o ,m%fcaecc] c RT ><512’ (6)
where {2 denotes the frame-level embedding. A maximum of 7% = 500

frames is used. Longer sequences are uniformly subsampled, while shorter se-
quences are remained unchanged.

The temporal dynamics of facial AH expressions are modeled with a Transformer-
based encoder |28]. The Emo-AffectNet embeddings are projected into a 128-
dimensional hidden space, combined with positional encodings, and processed
by a single Transformer layer with eight attention heads. The temporally pooled
representation is then passed to an MLP classification head consisting of a FCL,
LN, a GELU activation function, dropout, and a final FCL with two units. The
output of the penultimate FCL is used as the facial classification features, and
the output of the final layer represents the facial logits.

To regularize the model, we apply flow matching [14] in both the temporal
space and the logit spaces. Let Z denote the temporal features produced by
the Transformer-based encoder from the input sequence X . For feature-space
flow matching, a noise tensor Zj is interpolated with Z using ¢ ~ U(0,1):

Zy=(1—1)Z0 +tZ, LI = || fo(Zi, Z.t) — (Z — Zo)I5 - (7)

5 https://github.com/lindevs/yolov8-face
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For logit-space flow matching, the initial logits gg are interpolated with the
one-hot target vector ¢:

Yt = (1 - t)’g() + tqa LIFC‘)I\g/[it = ||g¢'(yt7 Zat) - (q - QO)HS . (8)

The final training loss is defined as
£ = Log + Mo (L5 + £35) 9)

where Lcg is the class-weighted cross-entropy loss for two-class classification.
Flow matching is performed using four integration steps, with Apy = 0.1.

3.4 Scene Model

Scene information is extracted from the full video frames rather than from
cropped face regions. We use a VideoMAE-v2-base visual encoder [29] as the
scene feature extractor. Sixteen frames are uniformly sampled from the entire
video to preserve information about the background, body posture, and interac-
tion context. For each video, the encoder produces a sequence of embeddings:

—
Xseene — [gheene ggeene | gseene | ¢ RTXT68, (10)

where 23°°"® denotes the visual representation of the t¢-th sampled temporal
position.

The extracted sequence of scene features is projected into a latent space
and processed by a Mamba-based encoder [11]. In the main configuration, the
temporal encoder has a hidden dimension of 128 and consists of two Mamba
layers with a state dimension of 64, a one-dimensional convolution kernel of
size 3, and an expansion factor of 1. Given the projected sequence H5°"¢ =
[hieene, hgeere . hissRs. ], each Mamba layer applies LN, sequence mixing, dropout,
and a residual connection:

Hscene(l+1) _ Hscene(l) + Dropout (Mamba (LN(Hscene(l)))) ) (11)

The output sequence is aggregated using masked mean pooling to obtain a
single scene representation, which is passed to the same MLP classification head
as that used in the face model. The output of the penultimate FCL is used as
the scene classification features, while the temporal hidden states is used as the
temporal scene features.

3.5 Multimodal Fusion Model

Let M C {audio, text, face, scene} denote the set of active modalities. For each
modality m, we use a vector representation and, when available, the correspond-
ing unimodal logits ¢,,. Temporal representations are converted into compact
vectors using summary statistics. The best configuration uses:

Sm = [vaaﬂuufwaﬁ]? (12)
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where ., and o, denote the mean and standard deviation of the temporal
features, while 4 and ¢4 denote the mean and standard deviation of their
first-order temporal differences. The input to the fusion model is denoted by
U;,. For example, when the unimodal logits are concatenated with the temporal
statistics, um = [Sm; m]-

The Text Residual Fusion model uses text as the anchor modality, be-
cause it provides the strongest unimodal performance in our experiments. After
modality-specific projections, the textual representation b = hieyt is adjusted
using gated residuals from the remaining modalities. For each non-text modality
m, the gate is computed from the concatenated textual and modality-specific
representations:

gm =0 (MLP[b; b)), 2 =LN [ b+ > g dm(him) | | (13)

m#text

where d,,(+) is a residual MLP, g,, is a learned gate, and ® denotes element-
wise multiplication. The gate controls the contribution of modality m to the
textual representation. The fused vector z is then passed to a two-layer MLP
classifier. This design preserves the text as the primary source of information
while allowing the audio, face, and scene modalities to provide input-dependent
residual adjustments. The pipeline of the proposed model is shown in Figure 2]
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Dropout (0.45) b= hieat

Fig. 2: Pipeline of the Text Residual Fusion model.

4 Experiments

4.1 Research Corpus

The BAH corpus is the benchmark dataset for the AH task of the 11th ABAW
Challenge. It was introduced for the multimodal AH recognition in realistic
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Table 1: Experimental results (MF1, %) obtained by various configurations of the
proposed approach. FM refers to flow matching. LS to label smoothing. TS to temporal
smoothing.

ID Modality Features Temporal Regular- Devel Public Test Average Private Test
model ization subset subset Devel/Public Test  subset

1 Text RoBERTa-GoEmotions (freeze layers=4) - 72.55 72.10 72.33 74.21

2 Audio Wav2Vec2 |2 Bi-Mamba TS 70.19 69.28 69.74 -

3 Face EmoAffectNet |24] Transformer FM 64.07 61.27 62.67

4 Scene VideoMAE-v2 base [29] MambaSSM LS 61.07 61.18 61.12

5 Text, Audio, Face, Scene IDs 1, 2, 3 and 4 Text Residual Fusion LS 76.13 74.14 75.14 78.24

digital behavior change scenarios [10]. Participants responded to a predefined
set of questions intended to elicit neutral, positive, negative, willing, resistant,
ambivalent, and hesitant responses during online interactions guided by virtual
avatar [10].

The corpus contains 1427 videos from 300 participants, with a total dura-
tion of 10.60 hours. It includes video-level and frame-level annotations, temporal
boundaries of AH episodes, aligned face regions, timestamped speech transcripts,
and participant metadata [10]. Following the challenge protocol, AH are treated
jointly as a binary classification task. The dataset is divided at the participant
level into the Train, Development, Public Test, and Private Test subsets. Per-
formance is evaluated at the video-level using Macro Fl-score (MF1) [10].

4.2 Experimental Results

For all unimodal and multimodal experiments, we used Optuna [1]| to optimize
the training procedure and model architecture. The final configurations (e.g.,
learning rate, dropout, hidden dimensions, batch size, and other parameters)
were selected on the Development subset and evaluated on the Public Test sub-
set.

As shown in Table [I] text is the strongest unimodal modality, followed by
audio. Both fusion models outperform all unimodal configurations on the De-
velopment and Public Test subsets. Text Residual Fusion achieves the highest
Development MF1 of 76.13%, the highest average MF1 across the Development
and the Public Test subsets of 75.14%, and the best Private Test MF1 of 78.24%.
On the Private Test subset, it outperforms the text model by 4.03%.

5 Conclusion

This work presented a single text-centered multimodal approach that combines
textual, acoustic, facial, and, scene features for video-level AH recognition. The
proposed Text Residual Fusion model uses text as the anchor modality and adds
complementary information through gated residual adjustments. The proposed
fusion model achieves the best performance on the Private Test subset and the
most consistent results across the evaluation subsets.
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