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IS–MP–PC Model

IS: yt = y∗ − α(rt − r∗) + ϵISt

MP: rt = r∗ + β(πt − π∗)

PC: πt = Et [πt+1] + δ(yt − y∗) + ϵPCt

Model structure
Three simultaneous relationships; three endogenous variables: yt , πt , rt . Shocks and expectations are
treated as exogenous within each period.

Assume α, β > 0 and δ ≥ 0. For an isolated contemporaneous shock, hold all other inputs fixed.
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IS–MP–PC System
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Reduced-Form Equilibria

y eq
t = y∗ +

[
δ +

1

αβ

]−1 [
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αβ
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πeq
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](
1− δ

δ + 1
αβ
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δ

1 + αβδ
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Response to a Positive IS Shock
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Direction: ϵISt ↑ shifts IS outward and AD rightward; MP and AS stay put.
But how large are the movements in y , π, and r?
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Analytical Approach: Parameter Sensitivity
Q: Does a larger δ amplify or mute the output response?

For a change in the IS shock, define the output response:

PIy (δ) ≡ ∆y eq
t =

∆ϵISt
1 + αβδ

.

Holding the shock and other parameters fixed, differentiate with respect to δ:

∂PIy
∂δ

= − αβ∆ϵISt
(1 + αβδ)2

For a positive IS shock, ∆ϵISt > 0, with α, β > 0:

∂PIy
∂δ

< 0.

Conclusion: A larger δ mutes the increase in equilibrium output caused by the same positive IS shock.
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Economic Intuition
Q: Why does a larger δ reduce the output response?
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Output response: 0 < ∆yH < ∆yL.

A larger δ means a given positive output

gap generates greater inflationary

pressure:

Firms may adjust prices more
readily.
Marginal costs may rise more
sharply near capacity.

The same positive IS shock shifts AD
rightward in both economies.

A steeper AS curve produces a larger rise in
inflation.

MP responds with a larger rise in the real
interest rate, curbing interest-sensitive
spending and muting output.
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Analytical Approach
Q: How do inflation and the real rate respond?

A useful substitution technique

Anchor on output, then substitute into PC and MP. This is not a chronology: all three equations
hold in the same-period equilibrium.

Hold expectations and all non-IS shocks fixed.

∆y eq =
1

1 + αβδ
∆ϵIS ,

∆πeq = δ∆y eq =
δ

1 + αβδ
∆ϵIS ,

∆r eq = β∆πeq =
βδ

1 + αβδ
∆ϵIS
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Numerical Approach: Perturb and Compare
Q: Can we find the response without computing derivatives?

1 Choose θ = (α, β, δ) and exogenous inputs.

2 Calculate baseline (y eq
0 , πeq

0 , r eq0 ).

3 Increase ϵIS by a specified ∆ϵIS ; keep everything else fixed.

4 Recalculate (y eq
1 , πeq

1 , r eq1 ).

5 Compute ∆y eq = y eq
1 − y eq

0 , and likewise for π and r .

Why both methods?
Numerical: Quantify for specific calibration

Analytical: Reveals general properties of the model
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Two Approaches, One Missing Input

Analytical derivative Numerical perturbation

Parameters θ = (α, β, δ)

How do we choose economically plausible θ?
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Calibrating the Model: What Can We Target?
Q: What evidence can help us choose plausible θ = (α, β, δ)?

We know how the model maps shocks and parameters into outcomes. Now we need to find plausible
parameters.

Equilibrium levels
Observed levels of y , π, and r across informative
economic conditions.

Volatility
Historical variation in y , π, and r , conditional on
assumptions about the shocks.

Responses to shocks
Changes in y , π, and r following previously
identified disturbances.

Economic relationships
Evidence on how inflation responds to output gaps
and how policy rates respond to inflation.

Key consideration
Different targets reveal different information about θ. A single steady-state observation cannot identify all three
parameters.
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Calibration versus Estimation
Q: What does it mean to fit our macro model?

Calibration
Choose parameters to reproduce targeted
moments, elasticities, benchmark outcomes,
or economically plausible shock responses.

Statistical estimation
Infer parameters from data under an explicit
statistical model, commonly quantifying
uncertainty.

Important overlap

Both can use an optimizer and a squared-error criterion. The distinction is about the empirical
objective and assumptions, not whether we use a computer.

Our exercise: choose parameters so that modeled macro outcomes align with selected targets.
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Optimization: The Three Ingredients
Q: What must we specify before optimizing?

1 Choice variables: what the optimizer is allowed to change. For our parameter-calibration
exercise:

θ = (α, β, δ)

2 Objective function: a number that evaluates the quality of each candidate θ.

L(θ) (smaller is better)

3 Constraints: which choices are economically admissible.

α > 0, β > 0, δ ≥ 0
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Calibrating the IS–MP–PC Model
Q: How do selected targets enter the loss function?

General approach: Choose θ to match model-implied quantities mj(θ) to selected targets mtarget
j :

L(θ) =
J∑

j=1

wj

[
mj(θ)−mtarget

j

]2
.

Our example: Match output, inflation, and interest rates across scenarios s = 1, . . . , S :

L(θ) =
S∑

s=1

[
wy (y

eq
s (θ)− y target

s )2

+wπ(π
eq
s (θ)− πtarget

s )2

+wr (r
eq
s (θ)− r targets )2

]
.

Weights account for units, scales, and priorities.

Targets must be informative: a single steady-state equilibrium does not identify α, β, and δ.
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Numerical Calibration: Observed Levels
Q: Which parameterization is consistent with observed y , π, and r?

Suppose we observe an economy with elevated expected inflation. For this illustrative exercise (not
empirical data), take the following reference values and exogenous inputs:

y∗ = 100, π∗ = 2, r∗ = 0.5, Et [πt+1] = 3, ϵISt = ϵPCt = 0.

Observed quantity Target level Units

y eq 99.2857 Output units
πeq 2.7143 Percent
r eq 0.8571 Percent

Model predictions under these conditions

ŷ eq = 100−
αβ

D
, π̂eq = 3−

αβδ

D
, r̂ eq = 0.5 +

β

D
, D = 1 + αβδ.

Our objective: Choose θ = (α, β, δ) to reproduce the observed levels.
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ŷ eq = 100−
αβ

D
, π̂eq = 3−

αβδ

D
, r̂ eq = 0.5 +

β

D
, D = 1 + αβδ.

Our objective: Choose θ = (α, β, δ) to reproduce the observed levels.

Calibration Worked Numerical Example 20/71



Numerical Calibration: Observed Levels
Q: Which parameterization is consistent with observed y , π, and r?

Suppose we observe an economy with elevated expected inflation. For this illustrative exercise (not
empirical data), take the following reference values and exogenous inputs:

y∗ = 100, π∗ = 2, r∗ = 0.5, Et [πt+1] = 3, ϵISt = ϵPCt = 0.

Observed quantity Target level Units

y eq 99.2857 Output units
πeq 2.7143 Percent
r eq 0.8571 Percent

Model predictions under these conditions
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Numerical Calibration: Initial Guess
Q: How closely does an initial parameterization reproduce the observed levels?

Try α = 1, β = 0.5, δ = 0.4.

Target Prediction Squared error

y eq 99.2857 99.5833 0.08858
πeq 2.7143 2.8333 0.01417
r eq 0.8571 0.9167 0.00354

L(1, 0.5, 0.4) ≈ 0.10629 (equal weights).

Q: Can we improve the fit by changing the parameters?
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Numerical Calibration: A Better Guess

Try α = 1.5, β = 0.5, δ = 0.4.

Target Prediction Squared error

y eq 99.2857 99.4231 0.01887
πeq 2.7143 2.7692 0.00302
r eq 0.8571 0.8846 0.00075

L(1.5, 0.5, 0.4) ≈ 0.02264

The loss has decreased from 0.10629 to 0.02264.

The fit has improved, but discrepancies remain.
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Numerical Calibration: Improving the Fit
Q: What happens if we increase α again?

Try α = 2, β = 0.5, δ = 0.4.

Target Prediction Squared error

y eq 99.2857 99.2857 ≈ 0
πeq 2.7143 2.7143 ≈ 0
r eq 0.8571 0.8571 ≈ 0

L(2, 0.5, 0.4) ≈ 0

In practice, optimization is more complicated:

We typically search jointly over θ = (α, β, δ), rather than adjusting only α.

With many observations or noisy targets, no exact fit may exist.

Starting values, objective weights, algorithms, and constraints affect the search and its outcome.
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Using a Calibrated Model
Q: Once we have plausible parameters, what can we learn or design?

With a working parameterization θ̂ = (α̂, β̂, δ̂):

1 Scenario analysis: How would y , π, and r respond to a hypothetical shock?

2 Shock sizing: How large an IS disturbance would be consistent with a desired output response?

3 Historical attribution: What unobserved shock could explain an observed outcome, holding other
influences fixed?

4 Cross-country comparison: Why would the same standardized shock have different effects in
economies with different θ̂?

Two distinct inputs
Parameters describe how the economy transmits disturbances; shock magnitudes, persistence, and distributions
must be specified or calibrated separately.
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Calibration: What Could Go Wrong?
Q: Does a small loss guarantee an economically meaningful model?

Units: GDP levels and percentage-point interest rates should not be compared with arbitrary
equal weights.

Identification: Do the selected targets uniquely identify α, β, and δ?

Model uncertainty: Other shocks and changing expectations can mimic parameter changes.

Robustness: Do the chosen parameters describe other periods or other shocks?

Interpretation

Calibration gives us a useful working model conditional on the targets and assumptions. A good
fit does not prove that the structural parameters have been uniquely identified.
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Calibration Pitfall: Comparing Squared Errors
Q: Does the largest squared error represent the most important mistake?

Consider the following illustrative targets and predictions, using θ = (0.46875, 0.5, 0.4) and the same
reference inputs as our example.

Quantity Target Prediction Absolute error Squared error

y (output units) 99.2857 99.7857 0.50 0.2500
π (%) 2.7143 2.9143 0.20 pp 0.0400
r (%) 0.8571 0.9571 0.10 pp 0.0100

With equal weights, output accounts for 0.25/0.30 ≈ 83% of the total squared error.

Yet the inflation or interest-rate error may be more consequential economically. Raw squared errors
also depend on units.

Remedy: Normalize or weight the errors

L(θ) = wy (ŷ − y target)2 + wπ(π̂ − πtarget)2 + wr (r̂ − r target)2.

wy ,wπ ,wr > 0 are chosen to account for measurement scales, typical variability, or economic priorities.
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L(θ) = wy (ŷ − y target)2 + wπ(π̂ − πtarget)2 + wr (r̂ − r target)2.

wy ,wπ ,wr > 0 are chosen to account for measurement scales, typical variability, or economic priorities.

Calibration What Could Go Wrong? 27/71



Calibration Pitfall: Comparing Squared Errors
Q: Does the largest squared error represent the most important mistake?

Consider the following illustrative targets and predictions, using θ = (0.46875, 0.5, 0.4) and the same
reference inputs as our example.

Quantity Target Prediction Absolute error Squared error

y (output units) 99.2857 99.7857 0.50 0.2500
π (%) 2.7143 2.9143 0.20 pp 0.0400
r (%) 0.8571 0.9571 0.10 pp 0.0100

With equal weights, output accounts for 0.25/0.30 ≈ 83% of the total squared error.

Yet the inflation or interest-rate error may be more consequential economically. Raw squared errors
also depend on units.

Remedy: Normalize or weight the errors
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Calibration Pitfall: Incomplete Targets
Q: If we fit output and inflation, must the real interest rate fit too?

Suppose we calibrate using only observed y and π, obtaining θ = (2, 0.5, 0.4). We now check r , which was
excluded from the calibration objective.
Same inputs: y∗ = 100, π∗ = 2, r∗ = 0.5, Et [πt+1] = 3, ϵIS = ϵPC = 0.

Observed level Prediction Absolute error

y eq (units) 99.2857 99.2857 ≈ 0
πeq (%) 2.7143 2.7143 ≈ 0
r eq (%) 0.6500 0.8571 0.2071 pp

Diagnosis: The targets do not separately identify all parameters
Fitting y and π identifies δ ≈ 0.4 and αβ ≈ 1, but not α and β separately. The observed real rate instead implies

β =
r − r∗

π − π∗ =
0.6500− 0.5

2.7143− 2
≈ 0.21 ̸= 0.5.

Remedy: Add r as a calibration target and refit jointly. Here θ ≈ (4.76, 0.21, 0.40) fits all three levels.
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Calibration Pitfall: Incompatible Targets
Q: Does targeting all three outcomes guarantee a good fit?

Suppose we target all three levels under the same reference inputs. The table compares observations with
predictions from the earlier candidate θ = (2, 0.5, 0.4), not a new optimized fit.

Observed level Prediction Absolute error

y eq (units) 99.2857 99.2857 ≈ 0
πeq (%) 2.7143 2.7143 ≈ 0
r eq (%) 0.4000 0.8571 0.4571 pp

Diagnosis: The observed levels violate an MP restriction
Matching the observed inflation and real rate would require

β =
r − r∗

π − π∗ =
0.4000− 0.5

2.7143− 2
≈ −0.14 , but β > 0.

Conclusion: No admissible θ can match all three targets exactly; reoptimizing can only find a compromise.
Remedies: Recheck data and assumptions, reconsider r∗, or modify the MP specification if economically
justified.
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Calibration Pitfall: Good Fit Is Not Identification
Q: Can two very different parameterizations fit all three targets perfectly?

Suppose the economy is at its natural equilibrium, with Et [πt+1] = π∗ = 2, ϵIS = ϵPC = 0, y∗ = 100, and
r∗ = 0.5.
We target the observed levels y = 100, π = 2, and r = 0.5.

Candidate parameters ŷ π̂ r̂ Loss

θA = (2, 0.5, 0.4) 100 2 0.5 0
θB = (25, 0.15, 0.025) 100 2 0.5 0

Why do both fit?

At y = y∗ and π = π∗, the output and inflation gaps are zero. With no shocks and expectations at
target, these equilibrium levels hold for either parameterization.

Conclusion: Even a zero loss may not identify θ uniquely.
Remedy: Include informative variation across periods or scenarios, such as observed responses to
identified disturbances.
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Structural Relations versus Reduced Form
Q: What do the two terms mean?

Structural equations in the system

IS: y = y∗ − α(r − r∗) + ϵIS

MP: r = r∗ + β(π − π∗)

PC: π = E [π′] + δ(y − y∗) + ϵPC

Reduced-form equilibrium

y eq = fy (shocks, θ)

πeq = fπ(shocks, θ)

r eq = fr (shocks, θ)

A separate task
After solving these equilibrium quantities, we can use them to induce estimates of consumption,
investment and other GDP components. This need not imply a separately solved structural expenditure
equilibrium.
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Structural versus Reduced Form
Q: How do Structural and Reduced Form differ?

Structural: Inside the Machine
Focuses on the economic components and
mechanisms that generate outcomes.

Example: What determines consumption?

C = c0 + c1(y
eq − T )− c2r

eq

What determines investment?

I = i0 − i1r
eq

Reduced Form: Inputs to Outputs
Focuses on mapping inputs into outcomes,
without explicitly modeling every mechanism.

Example: What determines GDP?

y eq = fy (shocks, θ)

And inflation and interest rates?

πeq = fπ(shocks, θ)

r eq = fr (shocks, θ)

Our Approach
IS, MP and PC are structural; solving them produces the reduced form. We use its equilibrium to induce
expenditure components such as C and I .
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Our Direction of Analysis

Exogenous IS shock + calibrated parameters

Reduced-form equilibrium (y eq, πeq, r eq)

Induced components (C ind , I ind ,G ind ,NX ind)

Optional normalization to the reduced-form GDP total
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Induced Expenditure Components
Q: How do y eq and r eq affect household and firm behavior?

C ind
t = c0 + c1(y

eq
t − Tt)− c2r

eq
t ,

I indt = i0 − i1r
eq
t ,

G ind
t = G t ,

NX ind
t = NX t .

Two distinct notions of GDP
y eq
t : the pre-determined IS–MP–PC macro equilibrium.
y ind
t = C ind

t + I indt + G t + NX t : sum of components induced by that macro equilibrium.

y ind
t need not equal y eq

t under an arbitrary component calibration.
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An IS Shock: Macro Outcomes to Components
Q: How does a positive demand shock reach consumption and investment?

Suppose ∆ϵIS > 0 and taxes, G , NX , expectations and other shocks remain fixed.

∆y eq =
∆ϵIS

1 + αβδ
> 0, ∆πeq = δ∆y eq ≥ 0, ∆r eq = βδ∆y eq ≥ 0

∆C ind = c1∆y eq − c2∆r eq , ∆I ind = −i1∆r eq

Higher equilibrium income supports consumption.

Higher interest rates restrain interest-sensitive consumption and investment.

The net effect on induced consumption is not predetermined without the structural coefficients c1
and c2.
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Why Might the IS Shock Occur?
Q: Can we connect an economic development to ϵIS?

Example: government purchases increase and stimulate desired expenditure at a given real
rate.

That provides a directional motivation for ϵIS > 0.

But the event itself does not automatically identify the numerical magnitude of ϵIS .

A quantitative shock mapping requires an explicit calibration rule or a richer expenditure
model.

Keep the two exercises distinct

Before equilibrium: translate the underlying development into an IS shock.
After equilibrium: use y eq, r eq to induce C ind , I ind , . . . .
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The Components May Not Add Up
Q: What if the induced expenditure total differs from modeled GDP?

Consider these baseline values

Quantity Induced level

Consumption C ind 123.60
Investment I ind 44.25
Government spending G ind 12.00
Net exports NX ind 8.00

Induced total y ind 187.85
Reduced-form y eq 100.00

This discrepancy is possible: the induced components are not an independently solved GDP accounting
system.
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Scaling the Components
Q: How can we allocate the reduced-form GDP level across components?

Compute a period-specific factor:

φt =
y eq
t

y ind
t

, φ0 =
100

187.85
≈ 0.53234.

Interpretation: Each dollar of induced GDP y ind is scaled to approximately 0.53 to match the
reduced-form GDP level y eq of 100.

C̃t = φtC
ind
t , Ĩt = φt I

ind
t , G̃t = φtG

ind
t , ÑX t = φtNX

ind
t .

C̃t + Ĩt + G̃t + ÑX t = y eq
t .

Interpretation
This is an accounting allocation by construction, not an independent equilibrium condition. Because φt

varies, normalized components can change even when their induced levels do not.
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A Limitation of Our Model Approach
Q: Can we change taxes only in the consumption equation?

Recall the induced consumption equation:

C ind = c0 + c1(y
eq − T )− c2r

eq.

Increase taxes from T = 12 to T = 13; leave all IS–MP–PC inputs fixed.

Before After

Taxes T 12 13
Reduced-form GDP y eq 100.00 100.00
Induced consumption C ind 123.60 122.90
Induced GDP total Y ind 187.85 187.15
Normalization factor φ 0.53234 0.53433

The problem
Consumption changes, but macroeconomic GDP does not: T does not enter our reduced-form equilibrium
equations.
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Translating a Structural Shock
Q: Where does a tax increase enter the IS–MP–PC model?

An observed increase in taxes reduces households’ disposable income.

∆T > 0 =⇒ lower planned consumption at given y , r .

Q: Which reduced-form input should we change, and in which direction?

∆ϵIS < 0 (holding other developments fixed).

Our computational direction

Structural event ∆T > 0 −→ analyst-calibrated ∆ϵIS < 0

−→ new (y eq, πeq, r eq) −→ new (C ind , I ind ,G ind ,NX ind).

The analyst supplies the mapping from the observed event to the model shock.
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Calibrating the IS Shock to the Observed Tax Change
Q: How large an IS shift does the tax change suggest?

Holding macro output and rates fixed, the direct consumption change is

∆C direct = −c1∆T

A simple calibration convention maps that change into our normalized IS shock, holding the reference
factor φ0 fixed:

∆ϵISA = −φ0c1∆T

Using φ0 = 0.53234, c1 = 0.7, and ∆T = 1:

∆ϵISA ≈ −0.37264 .

For this separate illustration, take α = 1, β = 0.5, δ = 0.25. The equilibrium output response:

∆y eq
A =

∆ϵISA
1 + αβδ

=
−0.37264

1 + 1(0.5)(0.25)
≈ −0.33123 .
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Calibrating the IS Shock to the Observed Output Response
Q: How large must the IS shock have been to produce the observed GDP response?

With the same illustrative α = 1, β = 0.5, δ = 0.25, reverse the reduced-form comparative static:

∆y eq =
∆ϵIS

1 + αβδ
=⇒ ∆ϵISB = (1 + αβδ)∆y eq

target

Suppose the observed or targeted GDP decrease is −0.37264 (the scaled direct-expenditure benchmark in
this illustration).

∆ϵISB = (1 + 1 · 0.5 · 0.25)(−0.37264) ≈ −0.41922

Attributing the entire GDP decline to this IS shock, with other shocks, expectations and parameters held
fixed, requires ∆ϵIS ≈ −0.41922.
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From the IS Shock Back to Structural Components
Q: Once the shock is calibrated, what happens next?

Select either calibration A or B, then solve the IS–MP–PC system.

∆y eq =
∆ϵIS

1 + αβδ
, ∆πeq = δ∆y eq, ∆r eq = βδ∆y eq.

Use these new macro outcomes and the higher tax level in the structural-component equations:

∆C ind = c1∆y eq − c1∆T − c2∆r eq , ∆I ind = −i1∆r eq .

If desired, normalize the new induced components to the new GDP total:

φ1 =
y eq
1

Y ind
1

, C̃1 = φ1C
ind
1 , . . .

Remember the direction
Observed structural development −→ calibrated IS shock −→ reduced-form equilibrium −→ induced
components (then optional normalization).
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From Static to Dynamic
Q: What happens one, two, or three periods after a positive IS shock?

t = 0 t = 1 t = 2

Initial equilibrium

ϵIS ↑: new equilibrium What happens next?

Q: Does the shock itself persist? Even if it does not, could its effects persist?
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Two Sources of Dynamics
Q: What determines an economy’s path after the initial impulse?

1. Path of the shock

Does ϵISt return to zero after one period, last
two periods, decay gradually, or remain
permanently elevated?

2. Propagation inside the model

Even if ϵISt returns to zero, inflation
expectations may keep subsequent equilibria
away from baseline.

Shock duration ̸= Response duration
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Impulse Response Function
Tool to visualize the dynamics of our macro model
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Different Shock Paths
Q: How long does ϵISt remain elevated?

0 1 2 3 4 5 6 7 8 9
0

0.5

1

Period

ϵI
S t

One period

Two periods

Gradual decay

Permanent step

Each path is an assumption about the shock process. We feed those values into the model one period at a
time.
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A One-Period Shock
Q: Once ϵIS is back to zero, are y , π, and r all back to baseline?

Suppose ϵIS0 = 0, ϵIS1 = 1, ϵISt≥2 = 0 and no other shocks occur.

Case A: expectations fixed at target

Et [πt+1] = π∗ every period. The response after period 1 is zero.

Case B: adaptive expectations
If realized inflation in period 1 influences expected inflation in period 2, the period-2 PC changes even
though the IS shock has vanished. The period-2 outcomes may differ from baseline.
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Inflation Expectations
Q: How might businesses form inflation expectations?

Expectations enter the PC/AS relation:

πt = Et [πt+1] + δ(yt − y∗) + ϵPCt .

A flexible adaptive-expectations specification is

Et [πt+1] =
L∑

j=1

wjπt−j , wj ≥ 0,
L∑

j=1

wj = 1.

L: number of past observations used (memory length).

wj : importance attached to lag j .

The expectation is about πt+1, but under the specified classroom rule it is formed from past observed
inflation through t − 1.
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Benchmark 1: Anchored Expectations
Q: What happens after the temporary IS shock disappears?

Assume anchored expectations: Et [πt+1] = π∗.

A one-period IS shock: ∆ϵIS1 = 1, ∆ϵISt = 0 otherwise.
Calibration: α = 25, β = 0.15, δ = 0.025.

0 1 2 3 4 5 6 7 8 9 10

0

1 · 10−2

2 · 10−2

Period

π
eq t

−
π
∗
(p
p
)

Inflation rises only when the shock is active; with no dynamic expectations link, it returns to target
immediately afterward.
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Benchmark 2: One-Lag Adaptive Expectations
Q: Does using only one lag imply that the shock is forgotten immediately?

Et [πt+1] = πt−1

Same one-period IS shock and calibration as Benchmark 1; only expectations change.

After a one-period shock ends, the equilibrium inflation deviation follows

πt − π∗ = ρ(πt−1 − π∗) , ρ =
1

1 + αβδ
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Why Does Inflation Persist?
Q: Why does inflation gradually return to target?

Suppose the initial IS shock has disappeared.

1. Why does inflation persist?

Firms form inflation expectations using the previous period’s observed inflation.

Higher expected inflation influences current pricing decisions, creating a partially self-fulfilling
inflation process.

2. Why does inflation eventually decline?

Elevated inflation leads the monetary authority to maintain higher real interest rates.

Weaker demand pushes output below its natural level, reducing demand-pull inflation.

3. Mathematical interpretation

πt − π∗ =
1

1 + αβδ︸ ︷︷ ︸
ρ

(πt−1 − π∗)

Since α, β, δ > 0: 0 < ρ < 1 . With our calibration, ρ ≈ 0.914: approximately 91.4% of the previous

period’s inflation deviation remains each period.
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Benchmark 3: Two-Lag Adaptive Expectations
Q: How does a longer memory alter the time profile?

Et [πt+1] =
1
2πt−1 +

1
2πt−2

Same one-period IS shock and calibration as Benchmark 1; only expectations change.

After the shock ends,
πt − π∗ =

ρ

2

[
(πt−1 − π∗) + (πt−2 − π∗)

]
.
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Why the Sawtooth Pattern?
Q: Why does inflation rebound in period 3?

Define the inflation deviation: xt ≡ πeq
t − π∗

After the one-period IS shock disappears:

xt =
ρ

2
(xt−1 + xt−2) , ρ ≈ 0.914.

Period 2: Inflation declines sharply.

x2 =
ρ

2
(x1 + x0)︸ ︷︷ ︸
High + Zero

≈ 0.01045.

Expectations incorporate both the initial inflation spike and the pre-shock inflation rate.
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Why the Sawtooth Pattern?- Cont’d
Q: Why does inflation rebound in period 3?

Period 3: Inflation rebounds.

x3 =
ρ

2
(x2 + x1)︸ ︷︷ ︸
Lower + High

≈ 0.01523.

The initial inflation spike still influences expectations, producing a temporary rebound.

Why does the sawtooth fade?

The two-lag memory creates alternating rises and falls. But ρ < 1 dampens the feedback, so
inflation eventually converges toward its target.
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Three Expectation Rules, One Initial Shock
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A two-lag rule can dampen the initial carryover yet leave a longer tail. The persistence ranking need not be
identical at every horizon.
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Other Outcomes Can Persist Too
Q: Why does output fall below baseline after a positive one-period IS shock?

For t ≥ 2 when ϵISt = 0, with past inflation above target,

∆y eq
t =

αβ(π∗ − Et [πt+1])

1 + αβδ
< 0, ∆r eqt = β∆πeq

t > 0.
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From Dynamics to the Long Run
Q: Under what conditions do we approach the natural equilibrium?

If shocks vanish, expectations are anchored or converge to π∗, and the parameters are stable,

y eq
t → y∗, πeq

t → π∗, r eqt → r∗.

With the one-lag adaptive rule, ρ = 1/(1 + αβδ) < 1 when δ > 0.

Larger αβδ makes ρ smaller: inflation deviations decay more quickly in this simplified case.

Long-run convergence is conditional on the shock process and expectations mechanism; a permanent
shock need not have the same limit.
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Why Simulate a Macro Model?

Forecasting

Generate plausible future paths of shocks,
propagate them through the model, and
summarize distributions of y , π and r .

Stress testing

Specify adverse or alternative shocks, possibly
of different magnitudes and durations, to
assess vulnerabilities and sensitivity.

One model + many plausible shock paths −→ distribution of outcomes.
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Simulation Mechanics
Q: How do we generate and propagate shocks?

For illustration, suppose the IS shock is Gaussian:

ϵISt ∼ N (µIS , σ
2
IS) .

1 Choose µIS , σIS , and whether shocks are serially correlated.

2 Draw a sequence ϵIS1 , . . . , ϵ
IS
T for each simulated economy.

3 Update expected inflation using the chosen expectations rule.

4 Solve y eq
t , πeq

t , r eqt each period; repeat for many paths.

5 Summarize a forecast distribution or a stress-test outcome.
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Mean versus Volatility of Shocks
Q: What changes when µIS or σIS changes?
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µ = 0, σ = 1

Larger mean: µ = 1

Larger spread: σ = 1.7

Higher mean ⇒ more positive shocks on average, not necessarily larger absolute shocks.
Higher σ ⇒ more dispersion and larger tail realizations.
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Simulation: From Paths to a Distribution
Q: What do many draws tell us that a single scenario cannot?
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Illustrative simulated paths (not actual macro forecasts). Report distributions, quantiles, and adverse tails
rather than only an average path.
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Choosing the Shock Distribution
Q: Where do µIS and σIS come from?

Units: ϵIS is an additive shift in output units. A shock of 1 is different when y∗ = 100 versus
y∗ = 10,000.

Scale: Consider normalization relative to y∗ or calibrate the shock distribution to typical
GDP deviations.

Empirical moments: Match plausible historical variation in output, inflation and rates
through the full model.

Persistence and correlation: A Gaussian marginal distribution does not specify temporal
dependence or correlation with PC shocks.

Stress scenarios: Deliberately choose tail magnitudes/durations rather than relying solely on
normal draws.
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normal draws.
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Putting the Lecture Together
Q: What is the workflow for using a calibrated IS–MP–PC model?

1. Specify IS–MP–PC and solve its reduced-form equilibria

2. Calibrate the parameters against informative targets

3. Analyze a shock analytically or numerically

4. Induce structural expenditure components, normalize if desired

5. Specify dynamic expectations and shock paths

6. Build IRFs, forecasts and stress-test distributions
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