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Speech, language and communication disorders are the limitation, impairment, or delay in the ability to use expressive and/or receptive language in one or more areas: speech, including articulation and voice; using spoken, writing, or symbolic language; transmitting or interpreting it. According to ASHA, about 5-10% of Americans have communication disorder. Children with communication impairment usually find it difficult to explore environment, react to stimuli, receive, send, process, and understand spoken information. We introduce iSpeak, an interactive spoken language understanding system to aid caregivers including speech and language therapists, medical staffs, nurses and social workers to communicate with children who have speech disorder. This intelligent spoken language processing system facilitates children with speech disorders with phonology, syntax, and voice reconstruction in their speech for a high-quality articulation.

INTRODUCTION

For children of all ages, communication impairment or disorder is a prevalent issue. Generally, speaking is challenging for individuals who have expressive language difficulties. Both speaking and understanding are challenging for those with mixed receptive-expressive language impairments. Commonly, there are four types of speech communication impairments: 1) speech disorder (articulation, fluency, voice); 2) language disorder (phonology, morphology, syntax, language content, language function); 3) hearing disorder and 4) central processing disorders. In many cases, some common causes of this condition include tracheostomy, cerebral palsy, traumatic brain injuries, degenerative neurological conditions, neurologic deficit, developmental delay and etc..

In clinical setting, the caregivers usually have to guess what the patients are trying to say by repeating candidate intents, which can be very time consuming and effortful for both the patients and the caregivers. In this paper, we introduce iSpeak, an interactive spoken language understanding system that can automatically deliver high-quality articulation and syntactic interpretations from children to enhance the ease of communication between children and their caregivers.

SYSTEM AND DEMO DESCRIPTION

Here we describe our demonstration system:

Interface. The user scenario involves two users, a caregiver (e.g. nurse) and a patient with speech or language disorders. The patient makes an utterance which the caregiver attempts to understand by verbalizing candidate interpretations. As in Figure 1, the system records audio using a computer or mobile device, and it involves several stages. First, the system registers the patient and the nurse as the first step, because given the individual variability of the speech conditions, it is necessary for the model and voiceprint to be personalized towards the specific patient and nurse. Due to the difficulty of characterizing the voiceprint of the patient with speech conditions, we only register the voiceprint of the nurse and use it as a reference for diarization. As an optional step, the nurse can annotate or edit a set of existing known intents for this specific patient. For instance, this child patient might be interested in music, so the intents are mostly about music activities, while another one might have intents for activities that are more nature-related. This can provide a useful prior to prioritize these intents over other candidates in the spoken language understanding inference. After the preparation phase for data collection, the interface starts analyzing the audio in real-time. First, it has a spoken language understanding panel, which suggest the top 1 or N intent candidates. Then, given the SLU suggestion, the nurse would verbalize the hypothesis to the patient, while an automatic speech recognition (ASR) component notes down the label. If confirmed by the patient, the nurse would click on the interface to accept it as the intent label, and proceed to the next cycle of utterance analysis.

System. The system involves several components. As in Figure 2, the continuous audio stream is split into the utterances by the patient and by the caregiver. For demonstration purposes, we use an online diarization engine to avoid extensive pretraining for new users [START_REF] Lin | Voiceid on the fly: A speaker recognition system that learns from scratch[END_REF][START_REF] Lin | Speaker diarization as a fully online bandit learning problem in minivox[END_REF][START_REF] Lin | Speaker diarization as a fully online learning problem in minivox[END_REF]. If the nurse voiceprint is registered, we can separate the nurse's speech using a offline diarization system based on x-vector [START_REF] Snyder | X-vectors: Robust dnn embeddings for speaker recognition[END_REF] and support vector machine (SVM). As another alternative, we have an option to use an explicit button to indicate the progression from the SLU phase to the ASR labeling phase. For the patient's speech, the audio is first fed into a speech enhancement (SE) mechanism to transform the out-of-distribution distorted utterance (due to clinical conditions) into standard- ized speech utterance (within the distribution of the training set of downstream SLU module). We first pre-train a pool of speech enhancement units given known speech pathology. Some examples include: unable to pronounce vowels or consonants, unable to pronounce plosives, stutters, shortened or half-pronounced words, blended sounds between words, sporadic weakened volume, incomplete or reverted grammar, uncontrollable random sounds, and other patient-specific conditions. Some of these SE units are pretrained as customized machine learning solutions trained on existing data (which is very limited due to privacy) and synthetic speech data (which we manually scramble to mimic the speech pathology). Some are more standardized noisy removal, such as applying a binary mask in the Fourier space. As a powerful approach in speech systems [START_REF] Lin | Reinforcement learning and bandits for speech and language processing: Tutorial, review and outlook[END_REF], reinforcement learning is used to select an optimal speech enhancement unit given the utterance signal. After the patient's speech is enhanced with the selected SE unit, it is fed directly into a SLU model, which is pretrained using the ESPnet toolkit [START_REF] Watanabe | ES-Pnet: End-to-end speech processing toolkit[END_REF]. The system keep the top M candidate intents, and a reinforcement learning agent selects an optimal intent as the model prediction. On the labeling phase, the nurse's speech would be parsed by an ASR unit into a human understandable interpretation of the intent (by removing guiding terms like "do you mean"). If this interpretation is confirmed by the patient, it is used as the intent label. We can measure the score of an intent prediction to its intent label by some notion of their semantic similarity or closeness (e.g. in the BERT embedding [START_REF] Reimers | Sentence-bert: Sentence embeddings using siamese bert-networks[END_REF]). A combined reward can be computed to train both reinforcement learning agents: r = r p -λr e , where r p evaluates the performance of the SLU as the sum or a sample of the score differences between the selected candidate intent and other un-selected candidate intents, and r e evaluates the efforts taken by the nurse as the number the questions they have to ask the patient to confirm, modulated by hyperparameter λ. The reinforcement learning core is effective because the human-computer interaction problem here involves multiple levels of communications, where the patient is the primary annotator who gives verbal or non-verbal feedback to the caregiver who is the secondary annotator directly interacting with the learning system. Since these subsequent intents are usually related to one another, the agents can implicitly predict the best action given the state and historical interactions. The system is evaluated in [START_REF] Lin | Interactive spoken language understanding system for children with speech and language disorders[END_REF].

Demo. As a demo, iSpeak runs on a laptop and records audio from a Blue Yeti Microphone. The recordings and analysis results will only be stored on the device to preserve privacy. As a mobile-friendly solution, the same system can also be operated from a second device such as a tablet by running a non-graphical interactive script in the terminal. The iSpeak interface provides real-time overview of the predicted intents, labeled history and spectrogram information, and interactive options to manually annotate the data to improve the model.

The system introduced here is an interactive, mobilefriendly, and patient-customizable solution for long-term care providers. We provide an effective solution that will be systematically evaluated in the field in cooperation with Elizabeth Seton Children's Center, the largest long-term care center for children with severe medical complexity in the US, under proper ethical guidelines for digital health [START_REF] Lin | Computational inference in cognitive science: Operational, societal and ethical considerations[END_REF].
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 1 Fig. 1. Depiction of the data collection and real-time analysis interface of the iSpeak system.
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 2 Fig. 2. System description of iSpeak and the human-computer interaction components of the learning agent.