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Lockdown is a common policy used to deter the spread of COVID-19. How-
ever, the question of how our society comes back to life after a lockdown re-
mains an open one. Understanding how cities bounce back from lockdown is
critical for promoting the global economy and preparing for future pandemics.
Here, we propose a novel computational method based on electricity data to
study the recovery process, and conduct a case study on the city of Hangzhou.
With the designed Recovery Index, we find a variety of recovery patterns in
main sectors. One of the main reasons for this difference is policy; therefore,
we aim to answer the question of how policies can best facilitate the recovery of
society. We first analyze how policy affects sectors and employ a change-point
detection algorithm to provide a non-subjective approach to policy assessment.
Furthermore, we design a model that can predict future recovery, allowing
policies to be adjusted accordingly in advance. Specifically, we develop a deep
neural network, TPG, to model recovery trends, which utilizes the graph struc-
ture learning to perceive influences between sectors. Simulation experiments
using our model offer insights for policy-making: the government should pri-
oritize supporting sectors that have greater influence on others and are influ-
ential on the whole economy.

Introduction
After the global outbreak of COVID-19, lockdown became a policy commonly used to deter

its spread (1) (2) (3). However, it has been unclear how our society would return to life after the
lockdown, if it could at all. The lockdown policies have caused the closure of workplaces and
educational institutions, leading to a reduced workforce across all economic sectors (4) (5) (6).
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Many works have studied the socio-economic impacts of the lockdown policies (7) (8) (9) (10),
but few study the recovery after lockdown. Moreover, these existing studies focus primarily on
how the economy as a whole or a specific sector has been influenced by and recovered from
COVID-19 (11) (12) (13) (14) (15). There is a general lack of research that studies the recovery
patterns of different sectors from the COVID-19 depression. Furthermore, novel computational
methods are needed for socio-economic recovery evaluation. In addition, governments often
enact a series of policies to promote recovery (16) (17) after the lockdown, yet the specific
effects of these policies remain unknown.

To examine in detail how social life recovers after the lockdown is lifted, we propose to in-
vestigate the impacts on society from a micro point of view by examining the main sectors that
underpin society. Many existing studies use traditional macroeconomic indicators (e.g., GDP)
to analyze the socio-economic impact of COVID-19 (18) (19) (20). However, these indicators
might not be sufficiently accurate and flexible to capture the detailed recovery patterns of dif-
ferent sectors in a specific area. Therefore, we need more granular data sources to understand
the recovery process in a fine-grained manner. Since electricity plays an indispensable role in
almost all socio-economic activities within cities, electricity consumption data can effectively
reflect the socio-economic condition (21) (22) (23) (24). Inspired by this, in this paper, we uti-
lize accurate electricity consumption data per day and per unit to explore the recovery process
after lockdown. Our method can be applied to most cities that have experienced lockdowns.
Specifically, we take Hangzhou, the fourth-largest metropolitan area in China, as an example
to conduct the first large-scale quantitative exploration of the socio-economic recovery after the
lifting of a lockdown policy in response to COVID-19.

Our data includes 76 million electricity consumption records from 11,464 organizations
(i.e., dedicated electricity users), provided by the State Grid Corporation of China. As shown
in Supplementary Table 1, we divide all organizations into 17 sector types (e.g., manufacturing,
education, catering, etc.), covering the main sectors of our society. Based on the electricity data,
we design a recovery index to serve as our basic tool for observing the recovery patterns of dif-
ferent sectors. We find that different recovery patterns occur after a lockdown. In particular, we
notice that while lockdown policies constituted a blow to most sectors, they have also brought
new opportunities to some sectors (e.g., online sectors and the logistics sector). Although some
studies have examined the recovery of different sectors, these works tend to focus on sector
in particular, or lack a valid metric that can be used to consistently and precisely assess the
recovery of all types of sectors (11) (12) (25) (26).

As the most important factor impacting sector recovery, government policies directly affect
recovery patterns (27) (28) (29). Ineffective policies can slow down recovery and even give rise
to substantial costs. To inform the development of future policy, we incorporate the electricity
data with the collected policies issued by the governments (Supplementary Table 2) and propose
a computational assessment method. Specifically, we adopt a change point detection algorithm,
which enables us to automatically identify the sudden changes in the recovery trends of sectors.
By comparing the detected change points with the implementation date of policies, we could
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Figure 1: Heat maps illustrating the influence of COVID-19 lockdown on the Hangzhou urban area.
Each point in a heat map represents the weekly electricity consumption of an organization. Warmer
colors represent greater electricity consumption. a) The heat map of week 2 2020, one week before the
outbreak of the COVID-19 epidemic (Jan. 8 - Jan. 14). b) The heat map of week 5 2020, one week after
the outbreak (26 Jan. - 4 Feb.). c) The heat map of week 14 2020, ten weeks after the outbreak (Apr 01
- Apr. 07). d) The heat map of week 19 2020, four months after the outbreak (May 27 - Jun. 03).

examine the effect of policies in a non-subjective way. For instance, we determine that the policy
of allowing students to return to school on a batch-by-batch basis firmly controlled the recovery
of the education sector, allowing it to return steadily to its pre-epidemic state; however, the
policy of offering restaurant spending coupons provided only a short-lived boost to the catering
sector, which remained depressed afterwards.

Furthermore, we study an important question in policy development: how should we assign
policy support to each sector? We aim to address this question by analyzing the socio-economic
impact of different support policies. We design a novel deep learning model and and use it to
conduct several simulation experiments. Unlike existing recovery predict models, our model
utilizes a graph structure learning mechanism, which can capture the correlation between sectors
and help to predict recovery trends more accurately. In our simulation experiments, our concern
is how much of a boost different sectors will get if they are given a recovery-promotion policy.
Moreover, we observe how the chain effect works in the society’s recovery (30). For example,
in Hangzhou, the recovery of the catering sector and entertainment sector is largely affected by
the recovery of the tourism sector. The government should take these relationships into account
when formulating policies.
Diverse sector recovery patterns

In order to scrutinize the depression and subsequent recovery process of a city after the
lockdown policies, we utilize our daily electricity consumption data to design a Recovery In-
dex. Compared with existing methods based on commonly used economic data (e.g., GDP data
and stock price data) used to observe socio-economic conditions, using electricity data to build
our Recovery Index offers three main benefits. First, electricity data offers more precision over
time. GDP is typically calculated on an annual or quarterly basis (31), which is much more
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coarse-grained compared with electricity data that is measured on a daily basis. Most existing
works (32) (33) (34) (35) use annual GDP data to analyze the economic impact of COVID-19.
However, the socio-economic conditions of the society changed dramatically under the influ-
ence of COVID-19 lockdowns, which cannot be reflected by GDP in time. The day-to-day
electricity data, enable us to better understand the detailed recovery process after lockdowns
and respond to it. Second, electricity data offers more flexibility when evaluating the recov-
ery process of a specific area. Though some indices, such as the Baltic Exchange Dry Index
(BDI) (36) and the Morgan Stanley Capital International (MSCI) World Index (MSCI) (37) do
exist to evaluate the economic condition, they are mainly based on country level. As electricity
data is easier to be acquired and calculated on any level of a geographic hierarchy, our designed
recovery index can be more flexible in use. Finally, the electricity data offers a unified way to
evaluate most sectors of our society. We acknowledge that some existing works use stock price
data to evaluate economic impact (38) (39). As most companies are still small local businesses,
they do not have publicly traded stock, and thus their conditions cannot be reflected by stock
price data. Moreover, some sectors (e.g., education sector and management sector) may not
have publicly traded stock either. Since electricity plays an indispensable role almost in all
socio-economic activities in cities, its consumption data could offer us a chance to evaluate the
recovery patterns of most sectors of our society in a unified way (21) (22) (23) (24).

The recovery index provides a uniform and effective measure of the degree of recovery in
different sectors, and serves as a basic tool for our analysis throughout the paper. The recovery
index is calculated from the year-on-year change in weekly electricity consumption and ad-
justed by a range of factors, including weather, development level, and lunar festivals, with a
regression model (see details in method).

We apply the recovery index to the analysis of Hangzhou’s recovery. We mainly focuses on
the period of greatest socio-economic change before and after the COVID-19 epidemic (Jan. 01,
2020 to Aug. 31, 2020). We divide this period according to the recovery index (socio-economic
conditions) in Hangzhou into three stages: depressing, recovering, and developing, which are
respectively illustrated in Figure 1. Due to lockdown policies such as strict restrictions on
outings and resumption of work, the average recovery index of all organizations continued to
fall to 0.589 in the early days of the outbreak, representing a 41.1% decline in the overall
economy compared to pre-epidemic levels. We call this stage Depressing (Jan. 22, 2020 -
Feb. 11, 2020). With the COVID-19 epidemic under control, the government gradually lifted
lockdown policies, and Hangzhou moved to the Recovering Stage (Feb. 12, 2020 – Apr. 07,
2020). Sectors began to recover, and by the end of this stage, the average recovery index
of organizations reached 1.00. Subsequently, after three months of the outbreak, Hangzhou
entered a stable Developing Stage (Apr. 08, 2020 - Aug. 31, 2020), and most sectors recovered
or were in even better condition.

To further observe the recovery process of different sectors, we group organizations into 17
sectors (Supplementary Table 2) and calculate the average weekly recovery index for organi-
zations in each sector from January to August, respectively. As shown by the recovery index
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Figure 2: Illustration of recovery patterns of different sectors. a) The recovery index of 17 sectors from
January 1, 2020 to August 31, 2020. We ranked these sectors in order of how quickly their recovery
index reached one for the first time after week 5. b) Through our case study on the transportation sector,
we find that lockdown policies brought new opportunities to the logistics and online sectors. The orange
and blue lines show the change in the weekly recovery index of the logistics and transportation sectors
respectively (the logistics sector is a sub-sector of the transportation sector). They share the axis on the
left of the figure. The grey line shows the monthly year-on-year growth of residents’ online consumption
in Hangzhou (right axis). Note that the points of January and February on the grey line indicate the same
value, which is the average year-on-year growth of January and February (see details in method).

values in Figure 2, different sectors exhibit different recovery patterns. Among the 17 sectors,
health, infrastructure, information service, and management were the sectors least impacted
by the lockdown; these organizations are key to protecting people’s livelihoods and managing
the epidemic, so they remained functional under the lockdown policies. In comparison, other
sectors were hit hard, suffering a decline up to and exceeding 40% under the lockdown. The sec-
tors of scientific and technical service, transportation, resident service, and real estate recovered
first from the severe depression, followed by manufacturing, financial, and construction. And
the recovery of business service and retail was somewhat slower, while the sectors of education,
entertainment, accommodation, and catering exhibited the slowest recovery speed.

From these recovery patterns, we can observe that although the epidemic led to strict mo-
bility restrictions, the transportation sector underwent a paradoxically rapid recovery (40). Ac-
cording to our observations, the reason lies in one of its sub-sectors: logistics. More specifically,
we find that after a short period of depression (31% drop in recovery index in the sixth week),
its recovery index quickly reached 0.97 in the eleventh week (Mar. 11, 2020 to Mar. 17, 2020),
and in most cases, stayed above 1 after the fourteenth week (Apr. 01, 2020 to Apr. 07, 2020).
In addition to the additional logistics burden caused by the epidemic prevention and control,
the more important reason for the increase in logistics is the increase in online shopping. The
lockdown and social distance restrictions disrupted consumer habits (41), with more people
becoming inclined to shop online to prevent the exposure risk of offline shopping (42) (43).
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Figure 3: Study of the policies during and after the COVID-19 lockdown in 2020. a) We plot the time
points of policy issuance on the curve of the weekly recovery index to observe the impact of the policies.
Most of the policies were issued by the Hangzhou or Zhejiang government from Jan. 21 to Aug. 31
2020, and are closely related to the 17 main sectors. The main content of each policy is displayed next
to its time point. The red vertical line represents the outbreak. b) We adopt the change-point detection
algorithm to identify the sudden changes in each sector’s recovery trend. Change points in the recovery
index of education, entertainment, and catering sectors are detected to observe the effects of the policies
on each sector. Each vertical dotted line represents a detected change point. The color indicates the
sector to which the change point belongs. Each number on a vertical line shows that this change point
corresponds to the policy with this number in (a).

Consistent with our observations regarding logistics, according to data from the Department
of Commerce of Zhejiang Province, Hangzhou’s online retail sector has grown rapidly since
March.
Policy influence on sector recovery patterns

As one of the major cities in China that has been greatly affected by the epidemic, Hangzhou
adopted various recovery-promoting policies to actively respond to the COVID-19 epidemic,
helping sectors to recover while ensuring that the epidemic is fully under control.

Examining the specific effect of each policy on different sectors will aid the government
in developing better policies. Many existing works have evaluated the effectiveness of lock-
down policies with reference to confirmed cases data or mobility data (30) (44) (45). When
comes to evaluate the effect of recovery (supporting) policies, one common approach is to use
questionnaires (15) (28), which is time-consuming and costly. Here, we introduce a timely and
non-subjective method involving the change point algorithm to help assess policy effects. Our
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designed change point algorithm can detect sudden changes in sector recovery trends (46) (47).
If the timing of the policy and a detected change-point align (the recovery trend changes be-
cause of the external influence of the policy), we can generally assume that the policy has an
effect, and further observe how it has made a specific change in the recovery of the sector.

Using this approach, we first examine the education sector (the detected change point results
of all sectors are shown in Supplementary Figure 5). A strict policy by the Hangzhou govern-
ment was adopted in the education sector. Unlike the early restriction-lifting policy for most
enterprises, the Hangzhou government postponed the resumption of educational institutions to
prevent transmission of COVID-19 caused by in-person schooling. Thus, although most sectors
began to recover after the sixth week, the education sector remained depressed. As shown by
the change point detection results in Figure 3(b), the education sector exhibits a trend of steady
recovery with policy control, with its change points 2 and 3 corresponding to policies 6 and 9
in Figure 3(a).

In addition to the education sector, the catering and entertainment sectors also fell into a
period of significant depression under the lockdown policies. Despite policies being put in place
that were designed to stimulate their recovery, the suppressive effect of the lockdown on these
two sectors remained long-lasting. The change points 2 and 3 in catering and entertainment
correspond to policies 5 and 7 in Figure 3(a). It is worth noting that, after the coupon policy
that was implemented on 27 March 2020, these two sectors recovered significantly in a short
term (within one week), but exhibited a less promising recovery trend in the following month
(the recovery index for the entertainment sector even decreased by 0.16 after one month). This
suggests that such policies may have only a short-term effect.
How should governments make policies to promote recovery?

When formulating the policies, to help the overall economy and social life to recover quickly
from the epidemic, the following two questions should be carefully considered by public offi-
cials: 1) support for which sector will bring the greatest benefit to its recovery? 2) support
for which sector will cause the greatest benefit to the recovery of all sectors? To answer these
two questions, we aim to model the recovery process of sectors throughout society. Using the
daily electricity consumption records of each organization, we propose a time series forecast-
ing model based on dynamic graph learning. Rather than using traditional prediction methods,
we design a graph learning module, which is designed to capture the correlations between sec-
tors; accordingly, it allows us to better model sector recovery and reveal the link effects. There
are various correlations between different sectors (organizations), such as upstream and down-
stream relationships. After the lockdown, the recovery of downstream sectors will be largely in-
fluenced by their upstream sectors. If we can capture this influence relationship, we can develop
policies that prioritize the promotion of recovery in the upstream sector, thereby generating the
greatest gains for both sectors. The proposed model, named TPG, enables us to evaluate the
effect of promotion policies on different sectors, which can be very helpful for policy-making.

Specifically, as shown in Figure 4(a), our model first generates a dynamic correlation graph,
in which a node represents an organization. We adopt a gate recurrent unit (GRU) (48) to
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Figure 4: We adopt a graph learning-based time series model to capture the recovery trends of 17 sec-
tors and conduct simulation experiments to explore the effects of support policies. a) Model structure.
We first build the correlation graph by simultaneously generating the graph node (organization) fea-
tures (modeling the temporal information from organizations’ electricity consumption sequences) and
build the directed edges (based on the correlations between organizations calculated by the correlation
module). We then conduct information aggregation on the learned graph and decode the aggregated rep-
resentations to obtain predictions. b) The simulation values and model prediction results. The vertical
dotted line divides the time series sequence into 56 days and 14 days (we omit dates 0-17 for clarity). The
red line is the original electricity consumption series. The blue line is the original consumption series for
dates 0-55 and the model prediction for dates 56-69. The green line on the left represents the simulation
values of the electricity consumption series for 17 sectors, which simulates the influence of adding pro-
motion policies to each sector from Feb. 05, 2020 (Date 27- Date 55). The right part of the figure is the
model predictions with the inputs of simulation values. c) The impact on future recovery if we provide
support to different sectors in the simulation experiments. The upper figure is the relative growth rate of
electricity consumption for the next 14 days in a sector following the provision of policy support to that
sector. The lower figure represents the average relative growth rate of electricity consumption for the
next 14 days in all sectors except the policy-promoted sector.8



model the temporal information from past daily electricity consumption series as node features
of the graph. Meanwhile, the correlation learning module calculates the correlation weights ,
which form the basis for building the directed and weighted edges of the graph. Then, on the
built dynamic graph, each organization will aggregate information from other organizations and
generate its final representation (49), which will later be decoded into predicted future recovery
trends. We calibrate our model by minimizing the Mean Square Error (MSE) between our
decoded result and the real daily electricity consumption sequence for the next 14 days.

Our model could precisely predict the future recovery trend (electricity consumption) of
almost every sector during the epidemic (from 26 Feb. to 31 Aug. 2020), despite changing
policies, recurrent outbreaks of COVID-19, weather, and the interference of holidays. With the
help of the correlations we learned, we obtain much better results than when only using the
GRU model (Figure 5). This proves that our model captures the effective correlations between
organizations to help model the recovery process. Using the learned model, we can estimate
whether we should increase policy support for a sector to accelerate its recovery, along with the
impact the policy will have on its future recovery. Furthermore, with the aid of the correlation
mechanism we have designed, we can further observe how the recovery of one sector will affect
other sectors (i.e., the overall economy).

For each sector, we assume that the government had given greater support to this sector
when the economy had just begun to recover from the blow of the lockdown (05 Feb. 2020).
As shown in Figure 4(b), we constructed simulation electricity consumption series for each
sector by doubling the speed of its recovery from 05 Feb. 2020 (see details in method). Then, in
each of our experiments, we change the time series inputs (electricity consumption series) of all
organizations belonging to a particular sector to our simulated values, while leaving the inputs
of other sectors’ organizations unchanged, and observe how this affects the recovery trend of
all sectors over the next fourteen days.

The results of our experiments shown in the upper figure of Figure 4(c) answer our first
question (”adding support for which sector will yield the greatest benefit to its recovery?”).
First, by adding policy support, we observe that each sector will experience a positive impact
on future recovery trends. Among them, the manufacturing, real estate, and retail sectors benefit
the most from the increased policy support, followed by the catering, construction, and business
service sectors. Sectors that were less impacted during the epidemic, such as the health and
managements sectors, benefit less from the new increased policy support.

However, when we consider how to promote the recovery of the whole economy and social
life rather than a single sector, things change. In the lower part of Figure 4(c), the values
represent the impact of adding support for a sector on the overall recovery of all sectors (without
the sector itself). In general, we would intuitively assume that those sectors that are most
affected by increased policy support will also have the greatest impact on the overall recovery
of society. However, our experimental results reject this conjecture. For example, although the
catering and business service sectors show a similar boost to their own recovery when being
respectively supported by promotion policies (10.8% increase for catering; 9.3% for business
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service), their contributions to the overall recovery of sectors are quite different. Increased
policy support for the business service sector is 27 times more likely to contribute to the overall
economy recovery than support for the catering sector. The business service sector includes
tourism, management service, and so on, meaning that its recovery is more likely to have a
strong chain effect on the recovery of other sectors than the catering sector. For example,
as a tourist city, the recovery of Hangzhou’s business service sector is very important for the
catering, entertainment, and accommodation sectors. Moreover, although the increased support
for the management sector (state administrative agencies, international organizations, etc.) will
only increase the recovery of the sector itself by about 2%, the chain effect leads to a significant
increase in overall economic recovery (ranked third among all sectors). These results show that
the ability of different sectors to drive the recovery of other sectors varies greatly. When the
government formulates policies, it should take into account influence relationships, as this will
enable it to develop more effective policies to promote the overall recovery of sectors.
Discussion.

Our study introduces large-scale electricity data to investigate how our society might return
to life before the lockdown, which allows us to observe the recovery process in a more precise
way. In our observations, we design a recovery index as the basic tool used to study the recov-
ery patterns of different sectors. The influence of lockdown on different sectors exhibits diverse
patterns. For example, due to the change of lifestyle brought about by the lockdown, COVID-
19 in fact created new opportunities for the online and logistics sectors. Furthermore, we comb
through the timeline of sector-related policies after the implementation of lockdown and study
their impacts. We propose to utilize the change point algorithm to verify the influence of vari-
ous policies on different sectors, which can provide governments with non-subjective, real-time
feedback to support policy development. In addition, in order to study which sectors the govern-
ment should provide policy support to, we construct a graph-learning-based time series model
that can precisely predict the future recovery trends of sectors. With this model, we conduct
simulation experiments on each sector; the results tell us which sectors are more likely to gain
more from supportive policies. Furthermore, we consider correlations between sectors to de-
termine which sectors should be targeted with support policies in order to provide the greatest
benefit to overall recovery of our society.

Our datasets have some limitations. First, we do not analyze all sectors because of the
insufficient sample sizes of some sectors (see more details in method). Moreover, the time
points of the COVID-19 epidemic outbreak and that of the spring festival holiday in China (Jan.
25, 2020) overlap. Although we adjust our observation data to account for the factor of lunar
festivals, this interference cannot be completely eliminated. However, our study covers most
sectors, meaning that it can generally reflect the recovery of social life and the economy. Intu-
itively, when considering how to optimize policy-making in terms of socio-economic impact,
the government should pay more attention to those sectors that are more likely to be greatly
depressed by lockdown, such as manufacturing, entertainment, and catering. However, the gov-
ernment should not blindly formulate support policies based on the extent to which the sector

10



has been hit; instead, it should carefully consider the recovery characteristics of the sector and
the inter-dependence between sectors. For instance, the manufacturing sector responds posi-
tively to financial support policies, while the catering and entertainment are not greatly assisted
by them. The reason for this is that the nature of the catering sector makes it impossible to
recover quickly in the short term (people are less willing to go out for meals because of the risk
of COVID-19 infection). Rather than offering policies that directly stimulate the catering sector
(such as issuing coupons), the government should give priority to supporting the manufactur-
ing sector, etc., to recreate a stable flow of people and thus encourage a return of restaurant
customers. Moreover, the chain effect between sectors should be considered in policy-making.
Taking Hangzhou as an example, only when the tourism sector (part of the business service
sector) is revitalized can the catering and entertainment sectors return to pre-lockdown levels.
To maximize the socio-economic recovery of our society, it is recommended that governments
give priority to promoting the sectors that have strong chain effects on other sectors.

Our research framework and the proposed model can be applied to other cities. We hope that
our research will help cities that are experiencing a lockdown recover more quickly afterwards,
and provide guidance for dealing with similar incidents that may occur in the future.
Method
In the method, we first describe the data that we used in this paper and then introduce the
recovery index, change point algorithm, and our graph-learning-based time series model in
turn.
Data
Electricity data.
The electricity data is offered by the State Grid Corporation of China, the major power supply
company in China. Our data includes 11,464 dedicated electricity users and their 76 million
daily electricity consumption records. These users are located in the urban areas of Hangzhou.
And each dedicated electricity user corresponds to a company or an organization registered in
State Grid (anonymous). We mainly analyse the electricity data for eight months around the
outbreak of the COVID-19 epidemic (Jan. 01, 2020 to Aug. 31, 2020). And we also use the
data from Jan. 01, 2019 to Dec. 31, 2019 to supplement our analysis.

The State Grid Corporation of China also provides us with subcategory information for each
dedicated electricity user. According to ”Industrial classification for national economic activ-
ities” (50) and subcategory information, we group all organizations into 19 sectors. As the
numbers of organizations belonging to the agriculture sector and the mining sector are less than
100, to ensure the representativeness of our sector analysis, the data used in this paper removes
the organizations belonging to these two sectors. The detailed classification result is shown in
Supplementary Table 1.
Policy data.
We collect the COVID-19 epidemic-related lockdown policies and 17 sectors related policies
during the period from Jan. 21, 2020 to Aug. 31, 2020. The policies are mainly collected
from the official portal of Hangzhou Municipal Government (51) and Zhejiang Government’s
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Official Web Portal (52). All collected policies are summarized in Supplementary Table 2, in-
cluding their timing, content, and government departments that issue these policies.
Online retail Data
We obtain the monthly year-on-year growth in online consumption data of residents in Hangzhou
from the Department of Commerce of Zhejiang Province (53). In Figure 2(b), the year-on-year
growth rates of January and February have the same value, which is the average monthly growth
rate of the two months. It is because the Zhejiang Department of Commerce do not have the
separate monthly data for January and February.
Temperature Data
We obtain the daily temperature data of the Hangzhou urban area from the China Meteorologi-
cal Network. The period of daily temperature data we used ranged from Jan. 01, 2019 to Aug.
31, 2020.
Recovery Index
In this paper, we use Recovery Index as a uniform metric to evaluate the recovery of each sector.
The recovery index is calculated by the electricity data and temperature data with the python
language.
Unadjusted recovery index
The recovery index is a year-on-year change value in weekly electricity consumption, adjusted
by temperature, lunar holiday factor, and development level. The unadjusted recovery index is
calculated by:

Ri,w = E2020
i,w /E2019

i,w (1)

where Ri,w denotes the recovery index for sector i at the wth week 2020. E2020
i,w denotes the

weekly electricity consumption value of sector i at the wth week 2020.
Adjusted for temperature
The impact of temperature on electricity consumption data is relatively significant. For example,
as shown in Supplementary Figure 1, due to the abnormally high temperature in mid-June,
almost all the unadjusted recovery index of sectors sudden rebound. Thus, we first want to
remove the interference of temperature in our observation of the recovery degree of sectors.
To eliminate such interference on the recovery index, we use a regression model to capture the
nonlinear relationship between electricity consumption and temperature,

Ped = f(Td) = x1 ∗ Td + x2 ∗ T 2
d + x3 ∗ T 3

d + b (2)

where P represents the predicted value, ed represents the daily electricity consumption of date
d, Td denotes the temperature value of date d, x1,x2,x3,b represent learnable parameters. The
regression model is trained on temperature and electricity data from January to December in
2019, calibrated by minimizing the Mean Square Error (MSE) between the predicted value P

and the real daily electricity consumption value E. Then we adjust the recovery index by the
learned function:

e∗d = ed/Ped (3)

12



R∗
i,w = E2020∗

i,w /E2019∗
i,w (4)

Here, E2020∗
i,w presents the i sector’s electricity consumption in wth week 2020 after temperature

adjusted. The result is shown in Supplementary Figure 2, the abnormal rebound recovery in
mid-June is corrected.
Adjusted for lunar festivals
We further consider the interference of lunar festivals. For instance, as the most important and
longest holiday in China, the Spring Festival largely affects the consumption of electricity. As
it is a lunar festival, it corresponds to different Gregorian dates in 2019 and 2020. As shown
in Supplementary Figure 3, there is an abnormal rise in the first week of February, which is
corresponding to the Spring Festival of 2019 (5 Feb. 2019). To eliminate such interference, we
match the four weeks around Spring Festival of 2020 (week 2-5) with the four weeks around
Spring Festival of 2019 (week 3-6):

R∗
i,3−6 = E2020∗

i,3−6 /E
2019∗
i,4−7 (5)

Besides Spring Festival, we also consider and align Dragon Boat Festival and Qing Ming Fes-
tival. After the adjustments, the final recovery index result is shown in Supplementary Figure
4, which can basically eliminate the interference of lunar festivals. However, as the Spring
Festival affects different sectors in different time spans, such interference cannot be completely
eliminated.
Adjusted for development level
We then eliminate the impact of different development levels of different sectors from 2019 to
2020 for the recovery observation. For example, in Supplementary Figure 2, after a year of
economic development, the electricity consumption of the real estate sector at the beginning of
2020 is higher than that of last year. As our aim is only to observe the degree of depression
and subsequent recovery of the sector due to the lockdown policy, we adjust the development
factors by dividing the electricity consumption data of each sector in 2020 by its development
index D:

R∗
i = R∗

i /Di (6)

The development index is evaluated by dividing the total electricity consumption of the first
three weeks, which is free from the impact of the epidemic, in 2020 by the total of the same
period in 2019:

Di = E2020∗
i,1−3 /E

2019∗
i,1−3 (7)

The adjusted result is shown in Supplementary Figure 3, from which we can clearly observe the
recovery patterns of different sectors are on the same scale.
Change Point Algorithm
We adopt a change point algorithm to automatically detect the sudden changes in the recovery
index. If a policy is effective for a sector, then the recovery trend of this sector should change
after the implementation because of the external influence of the policy. Thus, we validate
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the effectiveness of one policy by matching the policy timing with the detected change points.
We conduct change point detection on our recovery index from Jan. 01, 2020 to Aug. 31,
2020. It is widely considered that change point detection (CPD) is the problem of finding
abrupt change points in data when some properties of the time series change (54). We explore
what properties of the time series can be useful in detecting change points. For example, some
naive properties like mean, slope, and variance may count. As more general methods, some
early works on change point detection (55, 56) locate the shift in the mean of independent and
identically distributed (iid) Gaussian variables. Following this intuition, kernel-based change
point detection is used in our work to effectively detect the change points in the recovery trend.

Let’s consider c(·) as a cost function to measure the confidence of a piece of time series
(recovery trend) that we can regard as heterogeneous. For a piece of time series from change
point index on tk to tk+1, it can be represented as xtk...tk+1

. Then the criterion function C(·) is
the sum of cost function of the segments sliced from complete time series (57).

C(Γ, x) :=
K∑
k=0

c(xtk...tk+1
) (8)

where Γ is the set of change point index Γ = {t1, ..., tk}. And the best change point detection
result can be obtained by get the minimization of the criterion C(Γ, x).
kernel based change point detection
We adopt kernel-based method (58) to perform change point detection, as it is a robust non-
parametric method when that does not require much prior knowledge. More specifically, we
use a Gaussian kernel-based change point detection named Rbf kernel (Radial basis function
kernel).

The standard kernel-based change point detection cost function can be given by

ckernel(xa...b) :=
b∑

t=a+1

k(xt, xt)−
1

b− a

b∑
s=a+1

b∑
t=a+1

k(xs, xt) (9)

where the k(·, ·) is user-defined kernel function in the form of Rd ∗Rd → R and this formula is
inferred by the well-known ”kernel trick” (59).

The Gaussian kernel is defined by k(x, y) = exp(−γ∥x− y∥2) with x, y ∈ Rdand γ > 0.
By using the Gaussian kernel, the Rbf kernel cost function is given by

crbf (xa...b) := (b− a)− 1

b− a

b∑
s=a+1

b∑
t=a+1

exp(−γ∥xs − xt∥2) (10)

The detected results of our change point algorithm on all sectors are shown in Supplemen-
tary Figure 5.
Time series prediction model based on graph learning: TPG
In order to model the recovery process of all sectors and accurately predict the future recovery
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trend of them, we construct the time series prediction model based on dynamic graph learning,
named TPG. Here we provide a more comprehensive introduction of TPG.
Problem Formulation
The training task of TPG is to predict the future daily electricity consumption sequence for each
organization with the historical daily electricity consumption sequences. More specifically, X
= {xc,t}∈ ℜN×T stands for the electricity consumption input, where N is the number of or-
ganizations, and T is the number of timestamps. We denote the daily electricity consumption
sequence of an organization c at timestamp t as xc,t:

xc,t = [eic], t ∗ s ≤ i<t ∗ s+ lin, c ∈ C (11)

Here, lin is the length of input sequences (window size), s is the slides length, and eic is the
electricity consumption of organization c in the day i. Besides, each organization c belongs
to one type of sector. With xc,t, our goal is to predict the organization’ future daily electricity
consumption sequence {yc,t} at timestamp t:

yc,t = [eic,t], t ∗ s+ lin ≤ i<t ∗ s+ lin + lout, c ∈ C (12)

where lout is the the length of the future daily electricity consumption sequence that we want to
predict.
Framework
With the electricity consumption data, we first build the dynamic correlation graph to help
model the recovery process and accurately capture the future recovery trends. Each node in
the learned graph represents an organization in our electricity dataset and each edge represents
the influence relationship between the organizations. When building the graph, we have two
steps: node feature generation and edge calculation. For the node feature generation, we adopt
a Gated Recurrent Unit (GRU) in the temporal learning module to capture the temporal infor-
mation from organizations’ historical daily electricity consumption, using the final organization
embeddings in GRU as node features. For edge calculation, we design a correlation module.
We calculate the correlation weights between organizations in the correlation module with an
attention mechanism and use the results as the basis to build the graph edges.

Then, on the learned dynamic graph, each organization will aggregate information from its
connected organizations based on the learned edge (correlation) weights. In this way, we get the
new representation of each organization containing both temporal information and correlation
information. Finally, we use a GRU decoder to get the prediction results from these representa-
tions.
Temporal learning module
In this section, we elaborate on the method by which we generate the temporal representation
for each organization with daily electricity consumption data. We adopt a GRU as an encoder
to model organizations’ temporal information with X . For an organization c, we generate its
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temporal representation pc,t at timestamp t as follows:

psc,t = esc (13)

zic,t = σ(W i
zh

i
c,t + U i

zh
i−1
c,t ) (14)

ric,t = σ(W i
rh

i
c,t + U i

rh
i−1
c,t ) (15)

h̃i
c,t = tanh(W ihi

c,t + U i(ric,t ⊙ hi−1
c,t )) (16)

ĥi
c,t = (1− zic,t)⊙ hi−1

c,t + zic,t ⊙ h̃i
c,t (17)

pic,t = GRU(pi−1
c,t , e

i
c), s<i<s+ lin (18)

where z is the update gate vector to control the information retained in the previous timestamp;
h̃ is the candidate activation vector; the r is the reset gate vector to control the generation of
candidate activation vector h̃; finally, we get the output vector h by aggregate the candidate
activation vector and the previous output vector. In this process, we expand the esc by sliding
window sampling time series with window size 7 (lin) and slides length 1. i denotes the time
step in GRU, s denotes the first date of the sampled time series.
Correlation learning module
To capture the organization correlation information to help recovery modeling, we adopt a cor-
relation learning module. The correlation module calculates the correlation weights between
organizations, which are the basis to build the graph edges. With the input X , we first calculate
the dynamic correlation weights W of all organizations to another one at each timestamps:

wu,v,t = (Q · xu,t)⊙ (K · xv,t) (19)

where wu,v,t is the correlation weight that represents the influence of organization v on orga-
nization u at timestamp t, xu,t and xu,t are their corresponding daily electricity consumption
sequences. Q is a learnable matrix. For each organization, Q projects its temporal information
of it into a ”query” embedding. And K is also a learnable matrix that projects the temporal
information of other organizations into ”key” embeddings. Then we dot product the query em-
bedding and key embeddings to get the correlation weight values which represent how much
influence the ”key organizations” will have on ”query organization”. Because an organization
usually only receives influence from a limited number of other organizations, at timestamp t,
we select the top k largest wu,∗,t for every organization u and drop the other weights. k is a hy-
perparameter in our model. Then we normalized the remained wu,∗ to get the final correlation
weights:

ˆwu,v,t =
wu,v,t∑

v′∈N(u)t wu,v,t′
(20)

where N(u)t denotes the k organizations that have the greatest impact on organization u at
timestamp t. With the learnt correlation weights, we build the edges of the graph. For each
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correlation weight wu,v,t, we build a directed edge from node (organization) w to node v with
an edge weight wu,v,t, which represents the influence that organization w will have on node v at
time step t.

Now we have completed the building of the correlation graph. We denote the built graph
as Gt = (C,E, Pt,Wt), where C denotes the node set, each node of the directed correlation
graph Gt is an organization c with its temporal representation pc,t. And based on W , we build
the edge set E, each edge is attached with a correlation weight wu,v,t.
Aggregate and decode the information.
For each organization (node), to utilize the information of its correlated organizations, we con-
duct weighted aggregation on the temporal correlation graph Gt, and combine the aggregated
information with the temporal information of this organization:

rc,t =
∑

c′∈N(c)t

wc,c′,t · pc′,t + pc,t (21)

Here, we use the edge (correlation) weight which is introduced in the above section as the
aggregation weight. After the aggregation, for each organization, we obtain the new repre-
sentations that simultaneously contain temporal information of itself and that of its correlated
organizations whose future sequence may be influenced.

A GRU is then adopted as the decoder to generate the future daily electricity consumption
sequences of organizations from the learned representations:

os+lin−1
c = rc (22)

oic = GRU(oi−1
c , oi−1

c ), s+ lin<i<s+ lin + lout (23)

êic = MLP (oic) (24)

ŷc = [êic], s+ lin ≤ i<s+ lin + lout, c ∈ C (25)

Following GRU cell, we decode the new compound representation iteratively.
As the prediction of daily electricity consumption is a natural regression task, we use mean

square error as our loss function to calibrate our model’s parameters:

lossc = MSE(yc, ŷc) =
1

2
· (eic − êic)

2, s+ lin ≤ i<s+ lin + lout, c ∈ C (26)

The MSE loss measures the distance between the real daily electricity consumption and the
estimated consumption.
Experimental data
Our experimental data is generated based on the electricity consumption data from January to
August 2019 and January to August 2020 (487 days in total). In our experiment, we sample the
data with a sliding window. We set the slides length s as 7, the length of input sequences lin
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Figure 5: The test results of TPG and the GRU seq2seq model (MSE loss). To evaluate the
model performance on the prediction task, we separately train the TPG and the GRU for 100,
200, 300, 400, and 500 epochs on the train set and then test on the test set. Each experiment is
repeated at least 5 times. The results illustrate that our model can better capture the recovery
trend than traditional model and the graph learning module does capture the valid relationships
between sectors.

as 56 and the length of output sequences lout as 14. As a result, we get 48 time series samples
for every organization. We split the data into 40 for training and 8 for testing sets. We use the
first 20 sampled sequences of each year as the training set and the last four as the testing set to
ensure that there is no label leakage.
Training
The optimization of the parameters was performed by the Adam algorithm with a learning rate
of 1e-3 and weight decay of 1e-4. The TPG tasks are conducted for 500 epochs, and we selected
the model with the lowest loss on the testing set. The selected correlation number k is set as 10.
The hidden size is 64. Lastly, we build our model using PyTorch 1.6 and train it on an NVIDIA
GeForce RTX 2080 Ti GPU.
Analysis with TPG
Experiment results and the baseline
As shown in Figure 4(b), our trained model can fit the future daily electricity consumption well.
This result shows our TPG model could model the recovery process and perceive the sector
future recovery trend through the past electricity consumption information (Supplementary Ta-
ble 3). We also examine the effectiveness of our correlation learning module by comparing
our experiment results with a single GRU sequence to sequence model (remove the correla-
tion learning part). As shown in Figure 5, our model obviously outperforms the GRU seq2seq
model (reduces 16% on MSE loss on average after 500 epochs), which illustrates our correla-
tion module does capture the organization correlation information that is helpful to the recovery
modeling. Experiments are repeated at least five times, and we report the mean result.
Simulation experiments
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We conduct simulation experiments with our trained model on the daily electricity consumption
data ranging from Jan. 08, 2020 to Mar. 24, 2020, which contains both the lockdown period
and recovery period. We fixed all parameters of trained TPG in the simulation experiments.
For each sector, we assume that the government has given greater support to this sector when
the economy started to recover after the lifting of the COVID-19 lockdown (05 Feb. 2020). As
shown in Figure 4(b), we construct simulation electricity consumption series of each sector by
doubling the speed of its recovery from 05 Feb. 2020. More specifically, in each of our exper-
iments, we change the time series inputs of all organizations belonging to a particular sector to
our simulation values:

Eweekj
c = Eweek(j−5)∗2+j

c , j ∈ [5, 9) (27)

And we leave the time series of organizations in other sectors unchanged. Then we input the
simulation data into the model to get the predicted future recovery trend, so as to see how the
change of policy support for a certain sector will affect all the sectors of the society (shown in
Figure 4 and Supplementary Figure 6).
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58. Harchaoui, Z. & Cappé, O. Retrospective mutiple change-point estimation with kernels.
2007 IEEE/SP 14th Workshop on Statistical Signal Processing 768–772 (2007).

59. Celisse, A., Marot, G., Pierre-Jean, M. & Rigaill, G. New efficient algorithms for multiple
change-point detection with kernels (2017). 1710.04556.

24



Supplementary materials

Sector type Original category Sector type Original category Sector type Original category

Manufacturing -Manufacturing of spe-
cial instruments

Manufacturing -Communication equip-
ment manufacture

Infrastructure -Gas production and sup-
ply sector

-Shoe sector -Tire Manufacture -Public lighting
-Chinese patent medicine
production

-General instrumentation
manufacture

-Other water conservancy
management

-Processing of Chinese
herbal pieces

-General parts manufac-
ture

-Urban park management

-Photovoltaic equipment
and components manu-
facturing

-Mining, metallurgy, con-
struction special equip-
ment manufacture

-Other water treatment,
utilization and distribu-
tion

-Other unspecified manu-
facturing

-Wire rope and its prod-
ucts manufacture

-Solar power generation

-Manufacture of techni-
cal textile products

-Metal daily necessities
manufacture

-Municipal facilities
management

-Dairy product manufac-
turing

-Metal processing ma-
chinery manufacture

-Water resources man-
agement

-Manufacture of other in-
struments

-Metal furniture manu-
facture

-Sewage treatment and
recycling

-Other agricultural and
sideline food processing

-Metal scrap and scrap
processing

-Tourist scenic spot man-
agement

-Amusement equipment
and entertainment prod-
uct manufacturing

-Metal surface treatment
and heat treatment pro-
cessing

-Environmental sanita-
tion management

-Other unspecified gen-
eral equipment manufac-
turing

-Knitted or crocheted fab-
ric and its products man-
ufacturing

-Environmental manage-
ment

-Manufacturing of other
rubber products

-Railway transportation
equipment manufacturing

-Ecological protection

-Manufacturing of other
glass products

-Foundry and other metal
products manufacturing

-Greening management

-Manufacturing of trans-
portation equipment
and other transportation
equipment

-Boiler and auxiliary
equipment, other prime
mover equipment manu-
facturing

-Tap water production
and supply

-Other electronic equip-
ment manufacturing

-Non-metallic waste and
scrap processing

-Flood control facility
management

-Other electrical machin-
ery and equipment manu-
facturing

-Non-professional audio-
visual Equipment manu-
facturing

Construction -Land management sec-
tor

-Other transmission and
distribution and control
equipment manufacturing

-Containers and metal
packaging container
manufacturing

-Other real estate sector

-Processing of timber and
timber components for
construction

-Wind energy prime
mover equipment manu-
facturing

-Building demolition and
site preparation activities

-Other food manufactur-
ing

-Beverage manufacturing -Real estate agency ser-
vices

-Manufacturing of veteri-
nary drugs

Real estate -Housing construction
sector

-Real estate development
and operation

-Gasoline and diesel ve-
hicle manufacturing

-Civil engineering con-
struction sector

-Real estate leasing oper-
ation

-Manufacture of elec-
tronic components
and special electronic
materials

-Construction and instal-
lation sector

Retail -Specialized retail of
hardware, furniture
and interior decoration
materials

-Cutting tool manufactur-
ing

-Other unspecified con-
struction sector

-Other wholesale sectors
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Sector type Original category Sector type Original category Sector type Original category

-Manufacture of gypsum,
cement products and sim-
ilar products

-Architectural decoration
and decoration sector

-Other automobiles, mo-
torcycles, spare parts and
fuel and other power sales

-Manufacturing of chem-
ical preparations

Catering -Others catering sector -Stalls, non-stores and
other retail trade

-Manufacture of special
equipment for electronic
and electrical machinery

-Fast food service -Specialized retail of
medicine and medical
equipment

-Medical equipment and
equipment manufacturing

-Dinner service -Specialized retail of
household appliances and
electronic products

-Manufacture of hygiene
materials and medical
supplies

Scientific
and technical
service

-Agricultural scientific
research and experimen-
tal development

-Specialized retail of cul-
tural, sporting goods and
equipment

-Manufacturing of paints,
inks, pigments and simi-
lar products Services and
other specialized facili-
ties

-Industrial and profes-
sional design and other
professional technical
services

-Specialized retail of ma-
chinery and equipment,
hardware products and
electronic products

-Cigarette manufacturing -Geological exploration -Integrated retail
-Synthetic fiber manufac-
turing

-Medical research and ex-
perimental development

-Wholesale of textiles,
clothing and household
goods

-Manufacture of electric
wires, cables, optical ca-
bles and electrical equip-
ment

-Engineering and techni-
cal research and experi-
mental development

-Specialized retail of tex-
tiles, clothing and daily
necessities

-Plastic packaging box
and container manufac-
turing

-Engineering technology
and design services

-Mineral products, build-
ing materials and chem-
icals wholesale of prod-
ucts

-Environmental protec-
tion, postal services,
social public services and
other special equipment

-Technical extension ser-
vices

-Wholesale of agricul-
tural, forestry, animal
husbandry and fishery
products

-Manufacture of metal
products for construction
and safety

-Natural scientific re-
search and experimental
development

-Specialist retail sale of
food, beverages and to-
bacco products

-Manufacturing of plas-
tic parts and other plastic
products

-Quality inspection tech-
nical services

-Wholesale of food, bev-
erages and tobacco prod-
ucts

-Manufacture of building
materials such as bricks
and stones

Resident ser-
vice

-Motor vehicles, elec-
tronic products and daily
product repair sector

Transportation -Air transport sector

-Manufacture of home
textile products

-Other residential ser-
vices sector

-Road passenger trans-
port

-Industrial robot manu-
facturing

-Other unspecified ser-
vice sector

-Other storage sector

-Manufacture of arts and
crafts and etiquette arti-
cles

-Funeral services -Other logistics services

-Plastic film manufactur-
ing

-Barber and beauty ser-
vices

-Other water transport
auxiliary activities

-Manufacturing of other
metal tools

Education -Secondary education -Urban public transport

-Culture and office ma-
chinery manufacturing

-Elementary education -Water passenger trans-
port

-Cultural and educational
office supplies manufac-
turing

-Skill training, educa-
tional assistance and
other education

-Water freight transport
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Sector type Original category Sector type Original category Sector type Original category

-Convenience food man-
ufacturing

-Pre-school education -Electrified railway

-Daily use chemical prod-
uct manufacturing

-Higher education -Loading, unloading and
handling

-Daily use and medical
rubber product manufac-
turing

Health -Professional public
health services

-Warehousing of grain,
cotton and other agricul-
tural products

-Daily plastic manufac-
turing

-Other health activities -Transportation agency

-Manufacture of daily
miscellaneous goods

-Hospitals -Road freight transporta-
tion

-Non-ferrous metal cal-
endaring

-Primary medical and
health services

-Road transportation aux-
iliary activities

-Apparel manufacturing Entertainment -Sports organizations -Postal basic services
-Wooden furniture manu-
facturing

-Sports venue facilities
management

-Railway passenger
transportation

-Woven clothing manu-
facturing

-Fitness and leisure activ-
ities

-Railway transportation
auxiliary activities

-Cotton textile and print-
ing and dyeing finishing

-Other cultures Accommodation -General hotels

-Rubber parts manufac-
turing

-Publishing -Other accommodations

-Pesticide manufacturing -Museums -Tourist hotels
-Auto parts and acces-
sories manufacturing

-Printing Information
Service

-Internet information ser-
vice

-Foam plastic manufac-
turing

-Libraries and archives -Internet data services

-Manufacturing of
pumps, valves, com-
pressors and similar
machinery

-Cultural relics and in-
tangible cultural heritage
protection

-Information processing
and storage support ser-
vices

-Manufacturing of sani-
tary ceramic products

-Radio and television
transmission services

-Information system inte-
gration services

-Other electricity produc-
tion

-Film and television pro-
gram production

-Other information tech-
nology services

-Baked goods manufac-
turing

-Radio -Telecommunications

-Manufacturing of plastic
sheets, tubes and profiles

-Literary and artistic cre-
ation and performance

-Software development

-Material handling equip-
ment manufacturing

-Journalism Financial -Personal insurance

-Manufacture of knives,
scissors and similar
household metal tools

-Martyrs cemeteries and
memorial halls

-Insurance asset manage-
ment

-Lighting equipment
manufacturing

-Television -Other unlisted financial
activities

-Bio-based material man-
ufacturing

-Mass cultural and sports
activities

-Holding company ser-
vices

-Bio-pharmaceutical
product manufacturing

-Art performance venues -Securities market ser-
vices

-Toy manufacturing Management -Social security -Property insurance
-Manufacturing of chem-
ical raw materials

-Chinese communist
party organs

-Currency banking ser-
vices

-Manufacture of elec-
tronic devices

-International organiza-
tions

-Financial trust and man-
agement services

-Manufacture of electri-
cal machines

-Social work without ac-
commodation

-Non-monetary banking
services

-Basic chemical raw ma-
terial manufacturing

-People’s political con-
sultative conference

Business
Service

-Conference, exhibition
and related services

-Specialty chemical prod-
uct manufacturing

-People’s courts and peo-
ple’s procuratorates

-Other capital market ser-
vices
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Sector type Original category Sector type Original category Sector type Original category

-Manufacturing of house-
hold electrical appliances

-Other state institutions -Other technology pro-
motion services

-Refined tea processing -State power agencies -Other business services
-Cellulose fiber raw ma-
terial and fiber manufac-
turing

-State administrative
agencies

-Consultation and investi-
gation

-Paper product manufac-
turing

-Religious organizations -Security protection ser-
vices

-Structural metal product
manufacturing

-Social work that pro-
vides accommodation

-Provision of construc-
tion equipment services

-Feather (down) process-
ing and product manufac-
turing

-Villagers self-
governance Organize

-Machinery and equip-
ment operating leasing

-Grain grinding -social groups -Legal services
-Bicycle and disabled
seat vehicle manufactur-
ing

-Community resident
self-governing organiza-
tions

-Property management

-Computer manufactur-
ing

-Organization manage-
ment services

-General management
services

-Binding and other print-
ing services activities

-Mass groups

Supplementary Table 1: The sector classification table. The original sector category is offered
by the State Grid Corporation of China, which is the third level sector category in ’Industrial
classification for national economic activities’.

Issued date department contents

23 Jan. 2020 Zhejiang Provincial Govern-
ment

Zhejiang provincial government decided to launch the first-level response
to major public health emergencies.

24 Jan. 2020 Zhejiang Provincial Depart-
ment of Culture and Tourism

Hangzhou canceled and suspended folk, religious and cultural festivals
and other activities: canceled the Buddhist cultural tourism activities in
the Spring Festival; canceled students’ collective holiday activities; closed
the scenic spots and museums of West Lake; suspended group dinners in
rural family banquet centers.

27 Jan. 2020 Hangzhou Municipal Govern-
ment

Delayed the resumption of business and the start of school.

30 Jan. 2020 Leading group for prevention
and control of COVID-19

Temporarily closed some highway exits.

1 Feb. 2020 Leading group for prevention
and control of COVID-19

Stopped some bus routes and extended the interval time of urban subways.

2/3 Feb. 2020 Hangzhou Municipal Govern-
ment

Hangzhou and its districts successively issued “the most forbidden orders”:
“Ten Uniforms”, “Three No Four Strict and Five Must Check” and “Ten
Strict Controls” and other announcements.

4 Feb. 2020 Hangzhou Municipal Govern-
ment

On February 4, Hangzhou took the lead in tackling the “one person, one
code, scanning code to determine” plan. On February 11, the health code
was officially launched, and the construction of the “health code” manage-
ment system was accelerated.

5 Feb. 2020 Zhejiang Provincial Depart-
ment of Transportation

Clarified the classification and classification to ensure the transportation
needs of emergency materials of key enterprises, and ensure the priority
protection and free passage of relevant vehicles.

Feb-Apr. 2020 Zhejiang Provincial De-
partment of Economy and
Information Technology

To support small and micro enterprises to tide over difficulties, 17 policies
had been issued, which can be summed up as “four increased supports”:
increased support for small and micro enterprises to reduce factor costs,
finance and taxation, finance, and foreign trade exports.
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Issued date department contents

10 Feb. 2020 Zhejiang Provincial Govern-
ment

The resumption of work in the city’s enterprises implemented the return
to work declaration and filing system, and the resumption of work and
production was promoted in an orderly manner according to the location,
time, and classification.

11 Feb. 2020 Hangzhou Municipal Govern-
ment

Hangzhou introduced the “1+12” policy to help enterprises resume work
and production. “1” refers to the implementation of relevant policies at
the central and provincial levels, and “12” refers to 12 policies that benefit
enterprises: reduced corporate financing costs; waived corporate guarantee
fees; temporarily reduced Medical insurance rates; reduced the ratio of cor-
porate housing provident fund deposits; reduced or exempt corporate rent;
subsidized commercial and trade service companies; increased support for
property companies; issued rental subsidies for corporate employees; co-
ordinated the solution of transitional accommodation for returning work-
ers; guided the solution of ”nursing difficulties” for dual-earner families;
fully guaranteed the procurement and supply of anti-epidemic materials;
increased legal aid efforts.

20 Feb. 2020 Zhejiang provincial govern-
ment

Except for the entertainment sector and some service industries, most com-
panies had resumed work.

13 Mar. 2020 Hangzhou Municipal Bureau of
Culture, Radio, Television and
Tourism, Hangzhou Municipal
Bureau of Finance

To promote the revival of the tourism market, Hangzhou had introduced
eight measures: setted up rescue funds for the tourism sector; encour-
aged hotels to offer discounts on price; encouraged A-level scenic spots
to implement free opening; encouraged travel agencies to increase the in-
troduction of tourists; supported “contactless” tourism services Scenario
application; encouraged ”Hangzhou people to visit Hangzhou”; speeded
up the temporary refund of tourism service quality guarantee; increased
legal assistance to travel agencies.

18-31 Mar. 2020 Leading group for prevention
and control of COVID-19

The Hangzhou Municipal Government tried to implement free bus and
subway time-period measures, and continued to implement bus and sub-
way prevention and control measures.

23 Mar. 2020 Hangzhou Education Bureau Off-campus training institutions were promoting the resumption of work
and classes in an orderly manner.

27 Mar. 2020 Hangzhou Municipal Govern-
ment

Hangzhou had begun to issue consumer coupons totaling 1.68 billion yuan
to all employees in Hangzhou.

3 Apr. 2020 Leading group for prevention
and control of COVID-19

Schools of all levels and types would open in order from grade to grade
within three weeks from April 13, 2020.

14 Apr. 2020 Hangzhou Municipal Party
Committee Propaganda De-
partment, Hangzhou Municipal
Finance Bureau

Subsidized the public welfare performances of literary and art troupes; re-
duced the financing cost of cultural enterprises; subsidized the participa-
tion fees of cultural enterprises; helped cultural enterprises to solve diffi-
culties.

4 May. 2020 Leading group for prevention
and control of COVID-19

Colleges and universities across the province would start school from April
26 to May 10.

9 May. 2020 Leading group for prevention
and control of COVID-19

After verification, all kinds of off-campus training institutions in
Hangzhou could resume off-line training since May 9th, if they meet the
standards of resumption of classes (retraining).

18 May. 2020 Leading group for prevention
and control of COVID-19

All kinds of kindergartens across the city had started school one after an-
other.

22 May. 2020 Leading group for prevention
and control of COVID-19

Entertainment and leisure places such as theaters could be opened in an
orderly manner by making reservations and limiting current.

2 Jun. 2020 Leading group for prevention
and control of COVID-19

Gradually and orderly reopened places for religious activities.

16 Jun. 2020 Leading group for prevention
and control of COVID-19

Strengthened the control of food circulation and investigate potential food
safety hazards. Increased the daily supervision and inspection of catering
units.

14 Jul. 2020 Ministry of Culture and
Tourism

Except for medium and high-risk areas, inter-provincial (regional, munic-
ipal) group travel would be resumed.

16 Jul. 2020 National Film Bureau Promoted the reopening of cinemas in an orderly manner.

Supplementary Table 2: We have collected the policies that mainly affect these 17 sectors in
Hangzhou.
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Epoch 100 200 300 400 500

GRU 3.4307141 3.777505 3.7792249 3.645605 3.3568

GRU 3.4576638 3.3798978 3.4166617 3.370823 3.3515115

GRU 3.4902925 3.3480632 3.4429383 3.5454762 3.357866

GRU 3.4078832 3.5348659 3.423835 3.441637 3.4517586

GRU 3.3835907 3.3667076 3.459504 3.3569682 3.4272494

TPG 3.1193743 3.13383 3.177925 3.2520874 3.3169534

TPG 2.9864151 3.0294094 3.093755 2.8886776 3.034157

TPG 2.8584437 3.084448 2.9553668 3.2733083 2.8418617

TPG 2.9539533 2.9836297 2.8260555 3.068309 2.826255

TPG 3.079696 3.0674415 2.8529513 2.8119133 2.8507543

Supplementary Table 3: Experiment results of TPG on electricity consumption dataset. The
values in the table represent the MSE loss results. The TPG can accurately predict the future
recovery trend and get much better performance than GRU.
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Supplementary Figure 6: January-July 2020 Unadjusted recovery index: Year-on-year (2020-
on-2019) change in weekly electricity consumption.

Supplementary Figure 7: January-July 2020 recovery index, adjusted with temperature factor.
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Supplementary Figure 8: January-July 2020 recovery index, adjusted with temperature, lunar
festival factors.

Supplementary Figure 9: January-July 2020 recovery index, adjusted with temperature, lunar
festival and development level factors.

32



Supplementary Figure 10: The detected results of change point algorithm on the weekly recov-
ery index of all sectors from Jan. 01, 2020 to Aug. 31, 2020. The blue areas represent dates
prior to the outbreak (lockdown). The pink area represents the date after the outbreak (lock-
down).
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Supplementary Figure 11: The impact on the future recovery if we provide supports to different
sectors in the simulation experiments. The left figure is the sum of increase value of electricity
consumption for the next 14 days on a sector that caused by the added policy support on itself.
The right figure is the sum of increase value of electricity consumption for the next 14 days on
all sector except the policy-promoted sectors.
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