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Abstract: In modern urban environments, speech recognition systems often face
significant degradation due to background noise. Conventional approaches often
rely on signal enhancement or generative error correction, which can inadver-
tently remove high-level emotional cues essential for understanding user intent.
In this work, we propose a context noise representation learning (CNRL) frame-
work that enhances robustness by aligning noisy speech representations with their
clean counterparts in the latent space. By leveraging the conversational context
and a feature fusion strategy, our model learns to recover clean emotional features.
Evaluated on the IEMOCAP dataset using a strict Leave-One-Session-Out (LOSO)
protocol, our method demonstrates improved robustness in low-SNR conditions
compared to baseline approaches.

1 Introduction

In automatic speech recognition (ASR), environmental noise alters the spectral quality of the
speech signal, leading to crucial errors, for example, a closing door being transcribed as a word
or interpreted as an aggressive tone. Consequently, the signal must be cleaned at the earliest
stage to prevent error propagation.

Prior works have attempted to mitigate this: Novitasari et al. [1] integrated Voice Activity De-
tection (VAD) for noise robustness, Moller et al. [2] utilized speech enhancement algorithms
to substract background noise, Lui et al. [3] applied a generative error correction process via
Large Language Models (LLMs) after acoustic modeling. However, these frameworks often
focus on reconstructing the waveform or spectrogram. This reconstruction process can smooth
out subtle prosodic variations (e.g., pitch, jitter and shimmer) that are critical for preserving
high-level emotional cues and therefore user intent.

In this novel approach, we adapt context noise representation learning (CNRL), which was orig-
inally designed for context-aware ASR robustness in dialogues [4] or image recognition [5], to
the domain of emotion recognition. Unlike waveform enhancers, our CNRL framework oper-
ates in the feature space. It utilizes the conversational context (previous utterance) to guide the
denoising of the current utterance. By jointly optimizing for feature reconstruction and emotion
classification, our model preserves the emotional integrity of the signal in dynamic acoustic
environments. A similar context-aware emotion recognition approach, that we used as baseline,
is the framework of Poria et al. [6].

We employ this multi-task learning objective combining cosine similarity for denoising and
weighted cross-entropy for classification. Our experiments demonstrate that our proposed
CNRL framework improves accuracy by 7% over the baseline in noisy conditions when evalu-
ated on the unseen Emo-Emilia corpus.
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2 Datasets and Pre-Trained Models

2.1 IEMOCAP

The Interactive Emotional Dyadic Motion Capture IEMOCAP) [7] dataset serves as the pri-
mary corpus for training and validation. It consists of 12 hours of audiovisual data from 5
female and 5 male actors performing scripted and improvised scenarios in English language.
We focus on the categorical emotions: angry, disgust, excited, fear, frustrated, happy, neutral,
sad, surprise and other.

2.2 Noise Augmentation

To simulate realistic urban environments, we utilize the UrbanSound8K [8] dataset. Noise
samples were overlaid onto the clean speech at Signal-to-Noise Ratios (SNR) of 5, 10, 15 and
20 dB. Scaling was performed based on Root Mean Square (RMS) amplitude to strictly adhere
to target SNRs.

2.3 Emo-Emilia

To test cross-lingual generalization, we utilize the Emo-Emilia [9] dataset. This dataset is
reserved primarily for testing to evaluate the model’s performance on unseen languages and
recording conditions. It was generated from the Emilia dataset that contains over 100,000 hours
of short conversational emotional utterances. Zhao et al. [9] applied an automated labeling
approach to annotate the dataset, filtered and aligned samples with consistent emotion labels
and randomly selected 300 samples for each emotion category across both languages, Chinese
and English. After review the dataset contained 100 samples for each emotion category per lan-
guage (700 samples each language, English and Chinese). Totaling in 1.9 hours English speech
and 1.4 hours Chinese speech samples. They cover the emotions anger, happiness, neutral, sad-
ness, surprise, disgust and fear. The emotion labels must be aligned with the IEMOCAP labels
and emotions that are not covered (frustrated, excited) are collected under the category "other".
For evaluating the speech emotion classification, we used the English samples and additionally
tested on a few Chinese samples to test the cross-lingual accuracy.

3 Methodology

Our proposed framework consists of three primary modules: a pre-trained frozen speech en-
coder, a context encoder (CNRL module), and an emotion classifier. The system operates on
pairs of utterances: a noisy context utterance u., (the previous utterance) and a clean target
utterance u;g; (the current utterance).

3.1 Data Preparation and Splitting

To ensure speaker independence and scientific validity, we employ a Leave-One-Session-Out
(LOSO) protocol (as suggested by the dataset creators). Session 1-4 were used for training and
validation, while session 5 (containing two unique actors not seen during training) was held out
exclusively for testing.

We generated approximately 7,000 conversational pairs (context pairing). For a target utterance
u; (current speaker, 3s), the context u; 1 is defined as the immediate previous utterance (5s).
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3.2 Speech Encoder

We utilize Wav2Vec2-base architecture [10]. To adapt the model to the emotional domain, we
first fine-tune the encoder on the clean IEMOCAP training split (sessions 1-4) for 10 epochs.
The input is the raw audio waveform at 16kHz. As output, the model generates frame-level
embeddings E.;, € RT*78 and target embeddings Eig € RT %768

During the CNRL training phase, the Wav2Vec2 weights are frozen. This prevents the model
from overfitting to specific speakers and forces the context encoder to learn generalizable de-
noising patterns rather than memorizing acoustic tokens.

3.3 Context Encoder and Feature Fusion

The core of our approach is the CNRL module, which maps noisy context representations to
their clean counterparts.

We employ a bidirectional LSTM (BiLSTM) with 2 layers and a hidden dimension of 512 and
train the encoder for 20 epochs. It takes the noisy context embeddings E..r > as input and out-
puts a predicted clean sequence E/¢".

Unlike standard approaches that classify solely based on the current utterance [11], we employ
a late-fusion strategy to explicitly model the emotional dependencies inherent in the conversa-
tional context [12], [13].

We apply mean-pooling over the time dimension to both the predicted clean context £€/¢?* and

ctx
the target embeddings E,Céff“”:

hetx = MeanPool (Ede“"),h,gt = MeanPool (ES/¢™) (1)

ctx tgt

The vectors A, (768-dim) and A4, (768-dim) are then concatenated to form a joint representa-
tion vector v i € R1536,

Vjoint = [hctx ) htgt] ()
The fused 1536-dimensional vector is passed to the classifier to condition its prediction on the
emotional history of the conversation.

3.4 Emotion Classifier and Multi-Task Learning

The classifier is a multi-layer perceptron (MLP) receiving the 1536-dimensional joint vector. It
consists of three fully connected layers (1536 — 256 — 128 — 9) with ReLLU activation and
dropout (p = 0.3) to prevent overfitting.

3.5 Training Objective

We employ a multi-task learning (MTL) objective that jointly optimizes for denoising accuracy
and emotion classification.

At the denoising step (CNRL loss), we maximize the similarity between the predicted clean
context and the ground truth clean context using cosine embedding loss averaged over the se-

quence:

Acl round_truth
Lenge = 1—cos (G ES ) 3)

To address the significant class imbalance inherent in the dataset, we employ a weighted cross-
entropy loss for the emotion classification task. Let C be the number of emotion classes, and y
be the ground truth label. The weighted loss L, is defined as:

We: 1[y:c] : lOg(pC) (4)
1

C
Lem() - -

C
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where p. is the predicted probability for class ¢, and w, is the weight for class ¢, calculated
as the inverse class frequency following standard practice for imbalanced learning to penalize
majority classes (e.g., neutral) and boost minority classes (e.g., surprise):

N
= 5
We C-N. S
where N is the total number of samples and N, is the number of samples in class c.
The total loss is calculated as:
Liorar = 2'cnrl Lengre + )\'emoLemo (6)

In our experiments, we set A.,,; = 1.0 and A.,,;, = 1.0.

4 Experimental Setup

¢ Hardware: NVIDIA A40 GPU

« Hyperparameters: batch size of 8, AdamW optimizer, learning rate le~*

We compare our CNRL framework against the standard fine-tuned Wav2Vec2 without context
and the standard data augmentation (training on noisy data without the explicit CNRL denoising
loss).

On GPU, fine-tuning the Wav2Vec2-base model takes approximately 4 hours, feature extraction
22 minutes and context decoder model training 1 minute per epoch.

To evaluate the generalization capability of our model, we adopt a cross-corpus evaluation pro-
tocol. The model is trained on IEMOCAP (dyadic interactions, acted) and tested on Emo-
Emilia (spontaneous), a highly challenging setting due to domain shift and distinct recording
conditions.

Additionally, taxonomy discrepancies exist between IEMOCAP (10 classes) and Emo-Emilia (7
classes). Specifically, Emo-Emilia lacks a "frustrated" class, which is one of the most occurring
classes in the IEMOCAP dataset. Given the acoustic proximity between frustration and anger,
predictions of "frustrated" were mapped to "angry" for evaluation, and "excited" was mapped
to "happy".

5 Results

The context encoder was trained with the portion (sessions 1-4) of the IEMOCAP dataset and
a standard train/val split using 10% of the training data for validation. Using cross-entropy
loss caused a higher inaccuracy in emotion classification on unseen data and after discovering
a class imbalance during training, we applied a weighted cross-entropy loss to pass emotion
weights to the loss function. Figure 1 shows still an imbalanced class distribution. Rare emo-
tions like "surprise" only occur less than 10 times in the training. Apart from the disadvantages
for the emotion prediction tasks, this also shows that humans are less likely speaking in a sur-
prised manner but more likely are frustrated or sad. In emotion recognition those emotions are
also more distinguishable from a neutral tone, as they are more accentuated (e.g., angry voice:
louder tone, abrupt words and sentences).

In table 1 we can observe an improvement in accuracy when using the context-aware ap-
proach. The lower the SNR level, the better we see the impact of CNRL. The baseline approach
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Figure 1 — Confusion matrix of training validation of context encoder with weighted cross-entropy loss;
0: angry, 1: disgust, 2: excited, 3: fear, 4: frustrated, 5: happy, 6: neutral, 7: other, 8: sad, 9: surprise

SNR level | Baseline (without context) | CNRL (context-aware) | Improvement
Clean 49% 51% +2%
20 dB 49% 51% +2%
15dB 48% 50% +2%
10 dB 35% 41% +6%
5dB 28% 35% +7%

Table 1 — The baseline represents the model performance using only the target utterance. CNRL demon-
strates consistent improvement, particularly in low-SNR conditions, validating the benefit of context
denoising.
fails more significantly at lower SNR levels while CNRL results remain stable due to the con-
text history. At 10dB the improvement shows that our approach succeeds in filling in gaps with
the context knowledge when the speech signal is disrupted by noise. There is no difference
observable at 20dB or higher as those samples are almost as clear from noise as the completely
clean speech sample.

6 Discussion and Conclusion

In this work, we presented context noise representation learning (CNRL), a novel framework
for enhancing the robustness of speech emotion recognition (SER) in dynamic acoustic en-
vironments. By leveraging a strict Leave-One-Session-Out (LOSO) evaluation protocol, we
demonstrated that explicitly modeling conversational context through latent feature fusion sig-
nificantly improves system performance. Our approach, which aligns noisy context embeddings
with their clean counterparts via a multi-task objective, achieved a 7% improvement in classi-
fication accuracy over baselines that rely solely on single-utterance processing. This confirms
our hypothesis that historical emotional cues are vital for recovering user intent when the im-
mediate acoustic signal is degraded by urban noise.

While modern urban noise plays a crucial role in real-world applications, it is frequently over-
looked in theoretical experiments due to a scarcity of noisy conversational datasets. Our study
bridges this gap by validating that acoustic models need not treat noise separation and emotion
classification as disjoint processes. Instead, they can be jointly optimized to preserve high-level
prosodic features often lost during conventional denoising.

In future work, we aim to extend this research by investigating the specific spectral and tempo-
ral qualities of environmental noise. Specifically, we plan to develop area-specific noise models
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that can automatically detect the speaker’s location (e.g., "street", "cafe", "office") to condition
the denoising process dynamically. Such location-aware modeling could further refine the sep-
aration of speech from background interference, potentially benefiting not only SER but also
general automatic speech recognition (ASR) tasks in complex acoustic scenes.

Finally, a limitation of this study is the reliance on synthetic data created by superimposing ur-
ban noise onto clean speech. While this method allows for controlled evaluation at specific SNR
levels, it does not account for the "Lombard effect" - the involuntary tendency of speakers to
increase their vocal effort, alter their pitch, and slow their speaking rate to maintain intelligibil-
ity in noisy environments [ 14]. In real-world applications, users instinctively adapt their speech
production when they perceive background noise or recognition errors. Consequently, future
work will validate the proposed framework on naturally noisy recordings to assess robustness
under these adaptive human behaviors.
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