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ABSTRACT
While search technologies have evolved to be robust and ubiqui-
tous, the fundamental interaction paradigmhas remained relatively
stable for decades. With the maturity of Brain–Machine Interface
(BMI), we build an efficient and effective communication system
between human beings and search engines based on electroencephalo-
gram (EEG) signals, called Brain Machine Search Interface (BMSI)
system. The BMSI system provides functions including query re-
formulation and search result interaction. In our system, users can
perform search tasks without having to use the mouse and key-
board. Therefore, it is useful for application scenarios in which
hand-based interactions are infeasible, e.g, for users with severe
neuromuscular disorders. Besides, based on brain signals decoding,
our system can provide abundant and valuable user-side context in-
formation (e.g., real-time satisfaction feedback, extensive context
information, and a clearer description of information needs) to the
search engine, which is hard to capture in the previous paradigm.
In our implementation, the system can decode user satisfaction
from brain signals in real-time during the interaction process and
re-rank the search results list based on user satisfaction feedback.
The demo video is available at
http://www.thuir.cn/group/~YQLiu/videos/BMSISystem.html .
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1 INTRODUCTION
Adopted in diverse environments and used by billions of users,
search engines have changed how humans learn and think. Driven
by the diversity of information needs and benefiting from the in-
crease in computing resources, search technology is evolving to
becomemore powerful. However, the fundamental interaction par-
adigm has been relatively stable for decades. When searching, a
user needs to formulate a query, which often consists of a few
keywords, according to his information need, and submit it to the
search engine. Upon receiving the query, the search engine will
retrieve and return a ranked search results list to users. However,
there exists several shortcomings of the current search interface: 1)
users tend to issue short queries which bring uncertainty and am-
biguity. Due to the strong dependence on the formulated query,
the information loss of bi-directional transmission between users
and search engines has caused a significant performance bottle-
neck [7]. 2) traditional search systems collect implicit user feed-
back such as click and dwell time and attempt to connect implicit
user feedback with user’s subjective feelings. But this implicit feed-
back is usually inaccurate and noisy and may not necessarily align
with the subjective feelings of real users. 3) current search interface
requires users to interact with search engines using the mouse and
keyboard, which is impractical for scenarios where hand-based in-
teractions are infeasible.

Recently, with the development of BMI, it is possible to change
the search interface to circumvent the problems mentioned above.
BMI provides a direct communication pathway between an en-
hanced or wired brain and an external device, which is widely
applied in researching, mapping, assisting, augmenting, and repair-
ing brain functions. In the area of non-invasive BMIs, themost pop-
ular choice is electroencephalogram (EEG), which has attracted
a large amount of theoretical and applied researches in text in-
putting, Human-Machine interaction, and cognitive activities anal-
ysis. Taking information transfer rate and visual theoretical study
into consideration, Steady-State Visually Evoked Potential (SSVEP)
paradigm is applied to implement the module of query inputting
and the interaction between humans and the search engine in our
system. This paradigm assigns each target key (alphabet or func-
tion key) in the virtual keyboard with different flicker frequencies.
When the user gazes at certain target key, the SSVEP signal with
the same frequency (as well as its harmonics) is elicited in the vi-
sual cortex of the brain. Through analyzing this evoked signal, the
system will get the target key which the user intends to enter. Be-
sides the ability of system control, brain signals can be decoded as
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the search context and user feedback to understand and improve
the search process. For example, Moshfeghi et al. [8] find that brain
signals are related to the occurrence of information need and Gwiz-
dka et al. [5] decode brain signals to the relevance judgment.

In this paper, we build a search system based on the EEG device.
Users can perform search tasks including formulating/submitting
queries, interacting with search results. Moreover, we estimate the
search state and decode user satisfaction and utilize the inferred
feedback for evaluating and re-ranking search results to improve
search experience. As far as we know, our implemented system
is the first closed-loop system that users can interact with with-
out relying on the mouse or keyboard. Based on collected brain
signals, the proposed system can improve the search experience
proactively, dynamically and personally.

2 SYSTEM OVERVIEW
BMSI System consists of two parts: User Interaction Module and
Data Process Module, as shown in Figure 1. The User Interaction
Module provides interaction interfaces including the visual speller
page, landing pages, and SERPs, onwhich users can perform search
tasks such as formulating queries and examining search results.
While the Data Process Module runs in the backend and it can
decode the brain signals and provide real-time feedback for the
User Interaction Module.

In the visual speller page, users can issue queries by gazing at
the target key that flickerswith a specific frequency, while theData
Process Module will analyze harmonics evoked in the visual cor-
tex (nine parietal and occipital channels, including Pz, PO3, PO5,
PO4, PO6, POz, O1, Oz, and O2) to locate the target key chosen
by the user. During the query formulation process, BMSI system
also records brain signals in other areas of the brain cortex, like the
frontal, speech, and reading cortex, which is related to attention,
mental status, language understanding, etc. The signals in these ar-
eas provide rich contextual information about users’ information
needs and search context, such as the formulation difficulty of sum-
marizing information needs into the query, and users’ current sta-
tus (working, entertainment or exercise). We leave exploring these
signals to further boost the search experience as future work.

Once the user finishing the query formulation and clicks the
search button, a top-ranked page is presented and attempts to sat-
isfy the users’ information need directly, similar to the landing
page after the user pressing on the “I’m Feeling Lucky” button in
Google. The selection strategy of the top-ranked page could make
use of brain signals in query formulation, which is expected to
meet user needs instantly. In our demo system, we select the top
result in the original Search Engine Result Page (SERP). During
the examination process of the top-ranked page, the Data Process
Module will use brain signals to decode user satisfaction in real-
time. Then the system would re-rank the search results list accord-
ing to the detected satisfaction feedback and the user can continue
to examine more search results on this re-ranked SERP. On the
re-ranked SERP, interaction options including clicking search re-
sults, scrolling up or down are given.These interaction options are
provided using several blocks with different flickering frequencies
while these blocks are displayed in the right position of the current
viewport. Similar to the interaction paradigm in the visual speller
page, search interactions on the re-ranked SERP are also based on

the evoked SSVEPs and does not need users to use the mouse or
keyboard.
3 APPROACHES
3.1 SSVEP based Keyboard
Neurological research suggests that SSVEP signals are natural re-
sponses to visual stimulation at specific frequencies. When the
retina is excited by a visual stimulus ranging from 3.5 Hz to 75
Hz[1], the visual cortex of the brain generates electrical activity
at the same (or multiples of) frequency of the visual stimulus. We
design a 33-target BMI speller referred to BETA [6] for visual stim-
ulation to evoke SSVEP, and the flicker frequency ranges from 8
to 15.68 Hz. To make sure that users can get used to this system
easily, we resemble the conventional QWERTY keyboard to con-
struct the graphical interface in which 33 target keys, including 5
numbers, 26 alphabets, and 2 function signs (Delete and Search),
are aligned in five rows. Among them, the 5 numbers are used to
select candidate words.

A sampled sinusoidal stimulationmethod [2] is adopted to present
the visual flicker on the screen. In general, the stimulus sequence
of each flicker can be generated by

𝑠 (𝑓 , 𝜙, 𝑖) = 1
2
{1 + sin[2𝜋 𝑓 ( 𝑖

RefreshRate ) + 𝜙]} (1)

where 𝑖 denotes the frame index in the stimulus sequence, and 𝑓
and𝜙 denote the frequency and phase values of the encoded flicker
that uses a joint frequency and phase modulation[3].The grayscale
value of the stimulus sequence ranges from 0 to 1, where 0 indicates
dark, and 1 indicates the highest luminance of the screen. For the 33
targets, the tagged frequency and phase values can be respectively
obtained by

𝑓𝑘 = 𝑓0 + (𝑘 − 1) · Δ𝑓
Φ𝑘 = Φ0 + (𝑘 − 1) · ΔΦ (2)

where the frequency interval Δ𝑓 is 0.24 Hz, the phase interval ΔΦ
is 0.5𝜋 , and k denotes the target index. In our work, f0 and Φ0 are
set to 8 Hz and 0 𝜋 , respectively.

3.2 Input Recognition Algorithm
By analyzing the evoked SSVEPs, Input Recognition Algorithm
could recognize the target key of user intent. In our system, Canonical
Correlation Analysis (CCA) is applied to measure the canonical
correlation coefficient between the real-time SSVEPs and the ref-
erence signals, i.e., the theoretical brain signals evoked by the stim-
ulus flickered at a specific frequency.

Specifically, the SSVEPs can be expressed by the following for-
mula:

S =
(
x1, x2, x3, · · · x9

)T (3)
and the reference signals are:
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(4)

whereN is the number of harmonics, 𝑓 is the reference frequency(𝑓 =
8.00, 8.24, 8.48 · · · 15.68), 𝐹𝑠 is the sampling rate and 𝑁𝑠 is the num-
ber of sampling points.
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Figure 1: Brain-Machine Search Interface System (BMSI) consists of the User InteractionModule and the Data Process Module.
The User Interaction Module provides the interaction interface including the visual speller page, landing pages, and SERPs.
The Data Process Module decodes the brain signals and provide real-time feedback for User Interaction Module.

For each flicker frequency ranging from 8 to 15.68Hz, we use
Eq.(4) to generate the reference signal then calculate the correla-
tion between each reference signal and SSVEP signal. After cal-
culation, the reference signal with the highest correlation is the
recognition result, which indicates the target key that the user in-
tends to enter.

3.3 Query Suggestion
User search intents are complex. Hence, a single query is hard to
fully express their information needs. In that regard, query sug-
gestion techniques can help users to complete their search tasks
with less effort in complex search scenarios to some extent. Espe-
cially for Chinese users, the alphabet letters are usually not the
final expression of queries but are used to input PinYin and then
select the right Chinese words as the query string. Under this cir-
cumstance, query suggestion is more difficult for Chinese search
engines but is strongly necessary to quickly capture users’ infor-
mation needs. The function of query suggestion in our system is
powered by an API provided by Sogou Inc 1, one of the most pop-
ular Chinese search engines. The suggestion model integrates the
analyses of large-scale heterogeneous data and user behavior on
the Internet, such as user clicks, query reformulation, and track-
ing of hot news, which could effectively bridge the gap between
user intent and query candidates.

Query suggestion can provide appropriate query candidateswith
the incomplete part of a query. To test the efficiency of the query
suggestion model, we simulate the input of 2,956 query samples
with page views greater or equal to 500 times in the past half-year.
Our stimulation adopted the two most popular PinYin input strate-
gies: first letter spelling and full letter spelling. If query candidates
are the fine-grained or same intent of the query sample, we define
this as a successful match. For example, we regard all these can-
didates, “youtube online”, “youtube download”, and “youtube”, as

1www.sogou.com

Table 1: The performance of the query suggestion model
with different input strategies.

Chinese Input Strategies Successful Match Ratio #Keys per Char
first letter spelling 0.77 0.65
full letter spelling 0.91 1.16

successful matches with the query “youtube”. We show the per-
formance of these two strategies in Table 1, we can observe that
inputting queries by the first letter require less effort while using
full letter spelling can achieve a higher match ratio.

3.4 Brain Signals Decoding
Existingworks inmultichannel EEG-based prediction usually need
effective feature extraction. Several features are proposed through-
out literature and among these features, differential entropy (DE)
is widely used and performs better than other features including
band power, rational asymmetry, and differential asymmetry in an
multi-channel EEG-based emotion recognition task [4]. Therefore,
we extract DE features using Short Time Fourier Transform over
five frequency bands (delta: 0.5-4Hz, theta: 4-8Hz, alpha: 8-13Hz,
beta: 14-30Hz, gamma: 30-50Hz) in 62 distinct EEG channels except
for two re-reference channels. For classification model, we apply
Gradient Boosting Decision Tree (GBDT), which can automatically
choose and combine the EEG features and it has shown effective
in usefulness estimation with multichannel EEG features [9]. To
train the prediction model, we use the Search-Brainwave dataset 2.
The dataset contains EEG data recorded during the 18 participants
doing pre-defined search tasks in a period of 60 minutes as well
as the usefulness annotation for each search result. To tune the
hyper parameters, including learning rate, estimator number, leaf
nodes, and the maximum tree depth, we applied the protocol of
leave-one-participant-out. The protocol means that we apply data
of each participant for validation and train the classifier with left
2http://www.thuir.cn/Search_Brainwave/
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Figure 2: The re-ranked SERPs of two queries are shown
above. The user is satisfied with the top-ranked page about
Cheetah Browser, so on the left page, the search results re-
lated to Cheetah Browser are higher than others. While for
the right page, the user is unsatisfied with the city intro-
duction page of Paris, more diverse results are shown at the
front of the SERP.

participants. The parameters are tuned according to the averaged
validation Area Under Curve (AUC) of each participant and then
we train our final classifier with all data. As a result, the system
can achieve an averaged AUC of 0.69 in validation and the whole
steps (feature extraction and GBDT-based classification) described
above cost averagely 0.2 seconds in our practice.

Now that we can predict the satisfaction feedback and under-
stand the perceived usefulness of the search results, our search sys-
tem can automatically adjust to improve the search process. In our
practice, we apply a simple strategy as a first step to utilize brain
signals as feedback for a more proactive search system. Before our
experiment, each search result involved has been annotated with
some subtopics by topic model. On the one hand, when the system
notice that the user perceive certain landing page is useful, search
results share similar subtopics would be moved to the top. On the
other hand, when we detect that the user is unsatisfied with cer-
tain landing page, we will re-rank the search result list and the
results share the same subtopics will be moved to the back. The
certain landing page refers to the top-ranked page as described in
Section 2. Note that we focus on the effectiveness of brain signals
can be decoded as feedback for a better search performance in a
real-time system, the methods of how to combine these feedback
with other evaluation framework are left as future work.

4 DEMONSTRATION
In this section, we apply two cases to elaborate our BMSI System.
More detailed information is shown in our video.

In our first case, the user wants to learn more about Cheetah (猎
豹 in Chinese) Browser, a Web Browser developed by a Chinese
company. Then he inputs “lb”, the first letters of PinYin to “猎豹”.
Our system automatically generates a candidate query list with
PinYin completion and query suggestion. In this situation, the first
candidatemeets his information needs, and he can “press” the “search”
button without extra selection. Then the system will present the

related top-ranked page, which is the official website of Cheetah
Browser. During the examination of the top-ranked page, the sys-
tem decodes the user’s satisfaction with brain signals in real-time,
and it infers that the user is satisfied with this page. Therefore,
when the user continue to examine the SERP, as shown on the left
of Figure 2, the search results related to the subtopic of Cheetah
Browser will be ranked higher than others due to our re-ranking
strategy.

In our second case, the user plans to download some pictures
about the Paris Fashion Show. The user inputs “bl” and selects “巴
黎”(Paris in English) as the query. The presented top-ranked page
is a wiki page of the city, which does not meet the user’s infor-
mation need, and the satisfaction decoding module perceives this
feedback. To find useful information, the user chooses to examine
more search results. On the re-ranked SERP, the diverse search re-
sults related to Paris, such as fashion shows, cosmetics, movies, etc,
are provided, while results related to the subtopic that introducing
this city are ranked lower. The corresponding re-ranked SERP is
displayed on the right of Figure 2.
5 CONCLUSION
We develop aweb search system via an efficient and effective brain-
machine interface. The user inputs query and interacts with the
search engine via brain signals only. In the interaction process, the
system can collect users’ brain signals in real-time, obtain users’
feedback by decoding neurological activities, and improve the search
experience by query recommendation, search result re-ranking,
etc.
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