
1. Since hours (Ht) is a �exible factor it can be optimized out in a prior step,
using a conventional static �rst order condition equalizing the marginal cost
of hours to its marginal revenue. Optimal level of hours can be written as
a function of predetermined variables and parameters of the model, and
so we can replace hours by its determinants in the maximization problem.
This means we don�t have to solve numerically for hours.

2. Since the value function V is homogeneous of degree 1 in (At;Kt; Lt),
we can normalize the value function by capital and write:

Q (at; lt; �t; �t) = max
it;et

(
S� (at; lt)� C� (at; lt; it; ltet)+�

1��K+it
1+r

�
EtQ

�
at+1; lt+1; �t+1; �t+1

� ) ;



where

Q = V=K

a = A=K

l = L=K

e = E=L

are normalized variables, and S� (at; lt) and C� (at; lt; it; ltet) are sales
and costs (both normalized by K) after optimization over hours. Note
that Q is interpretable as Tobin�s Q.

Aggregation

� Plant-level data typically indicate that hiring and investment are lumpy
with lots of zeros. In �rm-level data, however, investment and hiring are



much smoother. Bloom has �rm-level data, and therefore aggregates unit
(plant) level data into �rm-level data, assuming that each �rm consists of
250 units.

How this model is used. Recap: The ultimate goal of the paper is to docu-
ment the e¤ects of uncertainty shocks on several quantities of interest, e.g. em-
ployment, investment and productivity. These e¤ects are inferred (simulated)
from the model outlined in the previous section. The model, of course, contains
a lot of unknown parameters, and the e¤ect of uncertainty shocks will depend
crucially on the values of those parameters. For example, if irreversibilities are
important (i.e. CPK is high), this will result in �rms postponing their invest-
ments. So before we say anything about these e¤ects, we need to estimate the
unknown parameters of the model. Estimation of the model parameters is a
di¢ cult task in practice. But the overall principles are straightforward.



1. First, conditional on a given vector of parameter values, we solve for opti-
mal investment and hiring, using the model above.

2. Second, based on these solutions we compare the predicted outcomes of
the model to real outcomes in data. The aim is to mimick the real data as
closely as possible, which is the basis for estimation: we vary the structural
parameters until the model predictions are as close as they can be to real
outcomes. At this point we have obtained our estimates of the structural
parameters.

� Equipped with the estimates of the structural parameters, we can carry out
counterfactual simulations in order to analyze the e¤ects of uncertainty
shocks. We can ask, for example, what happens to investment (accord-
ing to the model) when uncertainty changes from a low level (�L) to a



high level (�H) : This type of analysis is done in Section 4, in Bloom�s
paper. Before discussing those results, however, I want to spend some
time discussing the solution of the dynamic optimization problem, and the
principles of estimation.

[Matlab illustration of Value iteration here]



A simple Matlab Program:  

%{ 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
This Matlab program illustrates value iteration by solving the following  
optimization problem: 
  
V(K(t)) = max PI(t) + theta*V(t+1) 
  
where PI(t) = A^(1-beta)*[K(t) + I(t)]^beta - I(t). 
  
We solve the problem by finding the best policy, K(t+1), given the 
current state, K(t). The capital evolution formula is  
  
K(t+1) = (1-dep)[K(t) + I(t)] 
  
For this particular problem there exists an analytical solution for investment: 
  
[K(t) + I(t)] = A(beta/ucc)^(1/(1-beta)) or  
  
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%} 
  
clear; 
clc; 
  
beta  = 0.50;            % capital elasticity in revenue function 
dep   = 0.10;            % depreciation rate 
r     = 0.05;            % discount rate 
ucc   = (r+dep)/(1+r); 
theta = 1/(1+r); 
A     = 10*(beta/ucc)^(-1/(1-beta));     % Set A such that K+I=10 optimal (a nice round number) 
  
  



Khatstar=A*(beta/ucc)^(1/(1-beta))*(1-dep)          % optimal K(t+1) = (1-dep)*[K(t) + I(t)] 
  
% Next, do some housekeeping for value iteration 
Knum=7;                             % Number of points on the grid 
  
Kstart=log(Khatstar)-1;             % The lowest permissible value of capital 
Kfinish=log(Khatstar)+1;            % The highest permissible value of capital 
Kinc=(Kfinish-Kstart)/(Knum-1);     % Implied step size 
  
K0=exp(Kstart:Kinc:Kfinish);        % The entire vector of permissible values for capital 
  
% Set up matrices to be used during iterations 
  
V1=zeros(Knum,1);               % Initial guess is a zero vector (but you could use anything) 
auxV=zeros(Knum,Knum);          % auxilary matrix to store value outcomes for different policies 
  
% Set up the space of control variable: Capital evoluation formula Kt+1 = (1-dep)[It + Kt] implies: 
% It = Kt+1/(1-dep) - Kt 
  
  
I0=repmat((K0/(1-dep))',[1 Knum])-repmat(K0,[Knum 1]) ;     % Investment in t 
     %  policy: K(t+1)/(1-dep)  -  state: K(t) 
      
returns = repmat( A^(1-beta)*(K0/(1-dep))'.^beta,[1 Knum]) - I0 ;   % Cash flow in t 
  
%returns = returns - 0.5*1*(I0./repmat(K0,[Knum 1])-dep).^2.*repmat(K0,[Knum 1]) 
     
     
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%     SOLVE THE MODEL BY VALUE ITERATION           %  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
n=1; err=1; 
  
while err>0.0001; 
 
   auxV = returns + theta*repmat(V1,[1 Knum]);  



  
   [Vmax Argmax] = max(auxV);          % Vmax stores the value at the optimum choice. Argmax indexes the optimal 
policy 
    
   V2=Vmax';  
  
   n=n+1; 
  
   err=(V1-V2)'*(V1-V2); 
    
   V1=V2; % Update the value function 
  
end; 
   



Table 1: The first round of the value iteration 
 
  returns:  ←  K(t) (state variable)   → 
  3.3109  4.6208 6.4488 9 12.5605 17.5296  24.4645
 
↑ 
K(t+1) 
(control 
variable 
in t) 
↓ 

3.3109  1.3651  2.6749 4.5029 7.0542 10.6147 15.5838  22.5187
4.6208  0.224  1.5338 3.3618 5.9131 9.4736 14.4427  21.3776
6.4488  ‐1.4359  ‐0.126 1.702 4.2532 7.8137 12.7828  19.7177

9  ‐3.8319  ‐2.5221 ‐0.6941 1.8571 5.4177 10.3867  17.3217
12.5605  ‐7.2699  ‐5.9601 ‐4.132 ‐1.5808 1.9797 6.9488  13.8837
17.5296  ‐12.179  ‐10.8691 ‐9.0411 ‐6.4899 ‐2.9294 2.0397  8.9747
24.4645  ‐19.1613  ‐17.8514 ‐16.0234 ‐13.4722 ‐9.9117 ‐4.9426  1.9924

 
  + 
  theta*V': 
 
 
↑ 
K(t+1) 
(state  
variable 
in t+1) 

↓ 

3.3109  0  0 0 0 0 0  0
4.6208  0  0 0 0 0 0  0
6.4488  0  0 0 0 0 0  0

9  0  0 0 0 0 0  0
12.5605  0  0 0 0 0 0  0
17.5296  0  0 0 0 0 0  0
24.4645  0  0 0 0 0 0  0

 
  = 
  auxV:  ←  K(t) (state variable)   → 
  3.3109  4.6208 6.4488 9 12.5605 17.5296  24.4645
 
↑ 
K(t+1) 
(control 
variable 
in t) 
↓ 

3.3109  1.3651  2.6749 4.5029 7.0542 10.6147 15.5838  22.5187
4.6208  0.224  1.5338 3.3618 5.9131 9.4736 14.4427  21.3776
6.4488  ‐1.4359  ‐0.126 1.702 4.2532 7.8137 12.7828  19.7177

9  ‐3.8319  ‐2.5221 ‐0.6941 1.8571 5.4177 10.3867  17.3217
12.5605  ‐7.2699  ‐5.9601 ‐4.132 ‐1.5808 1.9797 6.9488  13.8837
17.5296  ‐12.179  ‐10.8691 ‐9.0411 ‐6.4899 ‐2.9294 2.0397  8.9747
24.4645  ‐19.1613  ‐17.8514 ‐16.0234 ‐13.4722 ‐9.9117 ‐4.9426  1.9924

 
Key lines in the program: 
 
   auxV = returns + theta*repmat(V1,[1 Knum]);  
   [Vmax Argmax] = max(auxV)  
 
Results from the max(.) command: 
 
Vmax = 
    1.3651    2.6749    4.5029    7.0542   10.6147   15.5838   22.5187 
 
Argmax = 
     1     1     1     1     1     1     1 
 



Argmax tells me which element in the policy vector K0 is optimal. The firm has no value beyond the 
current time period, which is why it is optimal to sell off capital. 
 
The crucial output for the value iteration is Vmax, however.  Vmax gives me the value of the firm 
zero value beyond the current point in time, as a function of initial capital:  
 
>> [K0' V2 ] 
 
ans = 
 
    3.3109    1.3651 
    4.6208    2.6749 
    6.4488    4.5029 
    9.0000    7.0542 
   12.5605   10.6147 
   17.5296   15.5838 
   24.4645   22.5187 
 
Recall that my initial guess for the value function was a zero vector. Hence we have not yet 
converged: 
 
   err=(V1-V2)'*(V1-V2) 
  
 
err = 
 
  941.6717 
 
Now continue to iterate on the value function, using V2 as our updated ‘guess’ of the true value 
function:  
 
   V1=V2; % Update the value function 
 
 
See Table 2 for an analysis of policies, states and values using our updated guess. 
   



Table 2: The second round of the value iteration 
 
  returns:  ←  K(t) (state variable)   → 
  3.3109  4.6208 6.4488 9 12.5605 17.5296  24.4645
 
↑ 
K(t+1) 
(control 
variable 
in t) 
↓ 

3.3109  1.3651  2.6749 4.5029 7.0542 10.6147 15.5838  22.5187
4.6208  0.224  1.5338 3.3618 5.9131 9.4736 14.4427  21.3776
6.4488  ‐1.4359  ‐0.126 1.702 4.2532 7.8137 12.7828  19.7177

9  ‐3.8319  ‐2.5221 ‐0.6941 1.8571 5.4177 10.3867  17.3217
12.5605  ‐7.2699  ‐5.9601 ‐4.132 ‐1.5808 1.9797 6.9488  13.8837
17.5296  ‐12.179  ‐10.8691 ‐9.0411 ‐6.4899 ‐2.9294 2.0397  8.9747
24.4645  ‐19.1613  ‐17.8514 ‐16.0234 ‐13.4722 ‐9.9117 ‐4.9426  1.9924

 
  + 
  theta*V': 
 
 
↑ 
K(t+1) 
(state  
variable 
in t+1) 
↓ 

3.3109  1.3001  1.3001 1.3001 1.3001 1.3001 1.3001  1.3001
4.6208  2.5475  2.5475 2.5475 2.5475 2.5475 2.5475  2.5475
6.4488  4.2885  4.2885 4.2885 4.2885 4.2885 4.2885  4.2885

9  6.7182  6.7182 6.7182 6.7182 6.7182 6.7182  6.7182
12.5605  10.1092  10.1092 10.1092 10.1092 10.1092 10.1092  10.1092
17.5296  14.8417  14.8417 14.8417 14.8417 14.8417 14.8417  14.8417
24.4645  21.4464  21.4464 21.4464 21.4464 21.4464 21.4464  21.4464

 
  = 
  auxV:  ←  K(t) (state variable)   → 
  3.3109  4.6208 6.4488 9 12.5605 17.5296  24.4645
 
↑ 
K(t+1) 
(control 
variable 
in t) 
↓ 

3.3109  2.6651  3.975 5.803 8.3542 11.9147 16.8838  23.8187
4.6208  2.7715  4.0813 5.9094 8.4606 12.0211 16.9902  23.9251
6.4488  2.8526  4.1625 5.9905 8.5417 12.1022 17.0713  24.0062

9  2.8863  4.1961 6.0242 8.5754 12.1359 17.105  24.0399
12.5605  2.8393  4.1491 5.9772 8.5284 12.0889 17.058  23.9929
17.5296  2.6627  3.9726 5.8006 8.3518 11.9123 16.8814  23.8163
24.4645  2.2851  3.5949 5.423 7.9742 11.5347 16.5038  23.4387

 
We update the value function again: 
 
Vmax = 
 
    2.8863    4.1961    6.0242    8.5754   12.1359   17.1050   24.0399 
 
V2 = 
 
    2.8863 
    4.1961 
    6.0242 
    8.5754 
   12.1359 
   17.1050 



   24.0399 
 
Check if there is convergence: 
 
err = 
 
   16.1990 
 
and since the value function has changed a lot, we continue to iterate on it. That is, we plug in the 
updated value function on the right‐hand side of the Bellman equation and find the maximum using 
the same principles as earlier. We only stop when the difference between the value function in step 
j‐1 and that in step j is small enough. The full value iteration in this case requires more than 100 
iterations. We can print out n and err as follows: 
 
 
ans = 
 
    2.0000  941.6717 
 
 
ans = 
 
    3.0000   16.1990 
 
(…) 
 
  125.0000    0.0001 
 
 
ans = 
 
  126.0000    0.0001 
 
 
Thus, after 126 iterations, there is convergence. The value function is as follows: 
 
>> [K0' V2 ] 
 
ans = 
 
    3.3109   33.2356 
    4.6208   34.5454 
    6.4488   36.3735 
    9.0000   38.9247 
   12.5605   42.4852 
   17.5296   47.4543 
   24.4645   54.3892 
 
At this point we take an interest in the optimal policy. Recall that this is provided as part of Matlab’s 
max(.) command – in our case, all the information we need is in the vector Argmax: 
 
Argmax = 



 
     4     4     4     4     4     4     4 
 
We can then find optimal policy, i.e. K(t+1), as follows: 
 
>> K0(Argmax) 
 
ans = 
 
    9.0000    9.0000    9.0000    9.0000    9.0000    9.0000    9.0000 
 
which confirms our analytical solution above.  
 
We can easily translate this policy into optimal investment in period t, using the capital evolution 
formula: 
 
I0=(K0(Argmax)/(1‐dep))'‐K0'; 
 
>> [K0' I0] 
 
ans = 
 
    3.3109    6.6891 
    4.6208    5.3792 
    6.4488    3.5512 
    9.0000    1.0000 
   12.5605   ‐2.5605 
   17.5296   ‐7.5296 
   24.4645  ‐14.4645 
 
The first column here is interpretable as capital in the beginning of period t; hence if you’ve got too 
much capital you will sell off capital and if you’ve got too little you will invest. 
 
Generalizations: 
 
‐ More points on the “grid” 
‐ Adjustment costs  
‐ Uncertainty 
   



Figure 1. Investment under quadratic adjustment costs 
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The green line shows optimal investment under no adjustment costs. The blue line shows investment 
under quadratic adjustment costs, C = 0.5*0.25*[I(t)/K(t) – dep/(1‐dep)]^2 * K(t). 



4.3.2 Principles of estimation

� Basis for estimation: Can infer adjustment costs (and other parameters)
from observed moments in the real data. For example:

� If lots of zeros in investment data => quadratic costs not the whole
story

� If high serial correlation in investment rates => �xed costs not the
whole story

� If lots of large investments in data => �xed costs likely

� If low correlation between investment and sales growth => high quadratic
costs likely



� Method of simulated moments (McFadden, 1989). Very �exible and
relatively easy to implement.

� The idea is quite intuitive: di¤erent parameter values give rise to di¤erent
observable patterns (moments) in the data.

� Moments simulated from structural model. Vary parameter values, with
the objective of obtaining the best possible match between simulated &
real moments.

[Diagram for SMM here]

[Bloom moments and results here]



 

 
 
 
 
 
                                                                  
          
      

Structural Model 

DGP 

 
 
 
 
                                                                  
 
 
 
          
          
          
          
  

Guess Structural Parameters ( ) Θ

Observe Empirical Dataset with N *T Simulate H Datasets with N *T 

       
      
 
          
          
          

          
          
   

          

Estimate a set of Empirical Moments DΦ̂ Estimate same set of Simulated Moments ( )∑ =

H

h
S

1
ˆ1

ΘΦ hH
 

YES MATCH?   NO *Θ



Table 3: Adjustment cost estimates
Adjustment Costs Speci�cation: All Capital Labor Quad None
Estimated Parameters:
CP
K 33.9 42.7

investment resale loss (%) (6.8) (14.2)
CF
K 1.5 1.1

investment �xed cost (% annual sales) (1.5) (0.2)
CQ
K 0 0.996 4.844

capital quadratic adjustment cost (parameter) (0.009) (0.044) (454.15)
CP
L 1.8 16.7

per capita hiring/�ring cost (% annual wages) (0.8) (0.1)
CF
L 2.1 1.1

�xed hiring/�ring costs (% annual sales) (0.9) (0.1)
CQ
L 0 1.010 0

labor quadratic adjustment cost (parameter) (0.037) (0.017) (0.002)
�L 0.443 0.413 0.216 0.171 0.100
baseline level of uncertainty (0.009) (0.012) (0.005) (0.005) (0.005)
�H��L 0.121 0.122 0.258 0.082 0.158
spread of �rm business conditions growth (0.002) (0.002) (0.001) (0.001) (0.001)
��H;L 0 0 0.016 0 0.011
transition of �rm business conditions growth (0.001) (0.001) (0.001) (0.001) (0.001)

 2.093 2.221 3.421 2.000 2.013
curvature of the hours/wages function (0.272) (0.146) (0.052) (0.009) (14.71)
Moments: Data Data moments - Simulated moments
Correlation (I=K)i;t with (I=K)i;t�2 0.328 0.060 -0.015 0.049 -0.043 0.148
Correlation (I=K)i;t with (I=K)i;t�4 0.258 0.037 0.004 0.088 0.031 0.162
Correlation (I=K)i;t with (�L=L)i;t�2 0.208 0.003 -0.025 0.004 -0.056 0.078
Correlation (I=K)i;t with (�L=L)i;t�4 0.158 -0.015 -0.009 0.036 0.008 0.091
Correlation (I=K)i;t with (�S=S)i;t�2 0.260 -0.023 -0.062 -0.044 -0.102 0.024
Correlation (I=K)i;t with (�S=S)i;t�4 0.201 -0.010 -0.024 0.018 -0.036 0.087
Standard Deviation (I=K)i;t 0.139 -0.010 0.010 -0.012 0.038 0.006
Coe¢ cient of Skewness (I=K)i;t 1.789 0.004 0.092 1.195 1.311 1.916
Correlation (�L=L)i;t with (I=K)i;t�2 0.188 -0.007 0.052 -0.075 0.055 0.053
Correlation (�L=L)i;t with (I=K)i;t�4 0.133 -0.021 0.024 -0.061 0.038 0.062
Correlation (�L=L)i;t with (�L=L)i;t�2 0.160 0.011 0.083 -0.033 0.071 0.068
Correlation (�L=L)i;t with (�L=L)i;t�4 0.108 -0.013 0.054 -0.026 0.045 0.060
Correlation (�L=L)i;t with (�S=S)i;t�2 0.193 -0.019 0.063 -0.091 0.064 0.023
Correlation (�L=L)i;t with (�S=S)i;t�4 0.152 0.003 0.056 -0.051 0.059 0.063
Standard Deviation (�L=L)i;t 0.189 -0.022 -0.039 0.001 -0.001 0.005
Coe¢ cient of Skewness (�L=L)i;t 0.445 -0.136 0.294 -0.013 0.395 0.470
Correlation (�S=S)i;t with (I=K)i;t�2 0.203 -0.016 -0.015 -0.164 -0.063 -0.068
Correlation (�S=S)i;t with (I=K)i;t�4 0.142 -0.008 -0.010 -0.081 -0.030 -0.027
Correlation (�S=S)i;t with (�L=L)i;t�2 0.161 -0.005 0.032 -0.105 -0.024 -0.037
Correlation (�S=S)i;t with (�L=L)i;t�4 0.103 -0.015 0.011 -0.054 -0.005 -0.020
Correlation (�S=S)i;t with (�S=S)i;t�2 0.207 -0.033 0.002 -0.188 -0.040 -0.158
Correlation (�S=S)i;t with (�S=S)i;t�4 0.156 0.002 0.032 -0.071 -0.021 -0.027
Standard Deviation (�S=S)i;t 0.165 0.004 0.003 0.033 0.051 0.062
Coe¢ cient of Skewness (�S=S)i;t 0.342 -0.407 -0.075 -0.365 0.178 0.370
Criterion, �(�) 404 625 3618 2798 6922



4.3.3 Summary of results and simulations

� Signi�cant region of inaction (�gure 5), due to non-convex adjustment
costs. Firms only hire and invest when business conditions are su¢ ciently
good. When uncertainty is higher, the region of inaction expands. This
suggests that large changes in �t can have an important impact on invest-
ment and hiring.

� The parameterized model is used to simulate a large macro uncertainty
shock, which produces a rapid drop and rebound in output, employment
and productivity growth (see e.g. Figure 8). This is due to the e¤ect of
higher uncertainty making �rms temporarily pause their hiring and invest-
ment behavior.

[Bloom�s Figure 5 & Figure 8 here]
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Figure 4: Hiring/firing and investment/disinvestment thresholds
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Notes: Simulated thresholds using the adjustment cost estimates “All” in table 3. All other parameters and assumptions as outlined in sections 3 and 4. 
Although the optimal policies are of the (s,S) type it can not be proven that this is always the case.

Low uncertainty
(inner solid ‘box’)

High uncertainty
(outer dashed ‘box’)

Figure 5: Thresholds at low and high uncertainty

“Business Conditions”/Labour, log(A/L)
Notes: Simulated thresholds using the adjustment cost estimates “All” in Table 3. All other parameters and assumptions as outlined in sections 3 and 4. 
High uncertainty is twice the value of low uncertainty (σH=2×σL). 
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Source: Bloom, 2008. 




