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Counter-Offers?

■ In wage-posting models, firms are passive to outside offers 

■ Firms let workers leave even when counter-offers are profitable 

■ Is this true in the data?
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NY Fed Job Search Suvery (2013-2021)
Q [already accepted an offer]. Did your previous employer match the wage that was 
offered on your new job, or do you think they would have if you asked?  

A. 10% matched, 10% would have matched if asked, 80% no 

Q [received an offer but not accepted]. Do you think your current employer would 
match the wage that was offered (on your best job offer)? 

A. 63% yes, 37% no 

Q [hypothetical]. Suppose you are offered the same line of job with a 10% higher 
salary. Would you ask your current employer for a counteroffer? If yes, what is the 
chance they will match?  

A. 46% yes, 54% no; 37% chance on average conditional on asking
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Perceived Counter-Offer Probability
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Table 1: Determinants of perceived counter-offer match probability

(1) (2) (3) (4) (5) (6)

Female -0.035 -0.028

(0.009) (0.010)

Non-white -0.030 -0.032

(0.011) (0.011)

Log wage 0.024 0.022

(0.004) (0.004)

College and above 0.021 0.000

(0.008) (0.009)

Blue-collar occupation -0.031 -0.038

(0.015) (0.015)

Observations 6146 6138 6114 6147 5794 5757

Notes: Dependent variable is the perceived probability that the current employer matches an

outside offer. Robust standard errors in parentheses.



A Model of Counter-Offers 
(a.k.a “Sequential Auction”) 
based on  

Postel-Vinay & Robin (2002) 
Cahuc, Postel-Vinay & Robin (2006) 
Fukui & Mukoyama (2025)
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Preferences and Technology
■ Continuous time & focus on the stationary environment  

■ Workers  with heterogeneous productivity  with measure  

■ Firms with heterogenous productivity  

• Let  denote vacancy-weighted CDF (exogenous) 

• Support , where  is the productivity below which firms exit 

■ Technology: 

• The match  produces  units of output 

• Unemployed produces  

■ Both workers and firms are risk-neutral with discount rate 

i ∈ [0,1] z μz

p

F(p)

[p, ∞) p

(z, p) z × p

z × b

ρ
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Search Friction
■ Search is random: 

• All unemployed workers receive a job offer at an exogenous rate  

• All employed workers receive a job offer at an exogenous rate   

■ All jobs exogenously separate at rate  

■ Value functions: 

• : unemployment value of worker  at time  

• : employment value of worker  at firm  at time  

• : value of a filled job at firm  employing worker  at time  

• : value of vacancy after meeting, which we assume is zero,  
- Assumption in the background is that a vacancy is not durable

λU

λE

δ

Uit i t

Wit(p) i p t

Jit(p) p i t

V(p) V(p) = 0
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Bargaining
■ Match surplus: 

 

■ We assume the split of the pie is determined by a version of Nash bargaining: 
 
 

• : bargaining power of workers, : wage 

• : outside option of worker in addition to  (to be determined) 

• Standard Nash: 

γ w

Oit(p) Uit

Oit(p) = 0
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max
w (Wit(p) − Uit − Oit(p))γ(Jit(p) − V(p))1−γ

Sit(p) ≡ Wit(p) + Jit(p) − Uit − V(p)



Sequential Auction
■ When an unemployed worker meets a firm,  

■ When an employed worker at firm  meets firm : 
• Two firms compete for a worker 

• If , incumbent firm wins & the worker stays 

- Worker can use the outside option  
- Worker can move to the poaching firm and extract full surplus there 
- if the worker already has higher outside option, nothing happens 

•  If , poaching firm wins & the worker moves 

- Worker bargains with the poacher with the outside option  
- Worker can go back to the previous firm and extract full surplus there

Oit(p) = 0

p p′￼

Sit(p) > Sit(p′￼)

Oit(p) = Sit(p′￼)

Sit(p) < Sit(p′￼)

Oit(p) = Sit(p)
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Guess and Verify

■ We will guess and verify that the following property holds 

1.  
- Suprlus is only a function of the productivity of the current match 
- Sequential auction only matters in how to split the pie 

2.  and  

- The current outside option  summarizes the history  

- the second-best offer the worker has received besides the current firm 

■ We write  as the wage of worker  at firm  with outside option 

Sit(p) = Sz(p)

Wit(p) = Wz(p, O) Jit(p) = Jz(p, O)

O

O =

wz(p, O) z p O
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Bellman Equations
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ρWz(p, O) = wz(p, O) + λE ∫
∞

p
[Wz(p̃, Sz(p)) − Wz(p, O)] dF(p̃)

+λE ∫
p

p
[Wz(p, max{Sz(p̃), O}) − Wz(p, O)] dF(p̃) + δ(Uz − Wz(p, O))

ρUz = bz + λU ∫
∞

p
max{Wz(p,0) − Uz,0}dF(p)

ρJz(p, O) = pz − wz(p, O) − λE ∫
∞

p
dF(p̃)Jz(p, O)

+λE ∫
p

p
[Jz(p, max{Sz(p̃), O}) − Jz(p, O)] dF(p̃) − δJz(p, O)



Match Surplus
■ Nash bargaining implies: 

 

■ Imposing these conditions, the match surplus  solves 
 
 
 

• This confirms that  is only a function of  and not a function of  

■ Boundary condition: 

Sz(p)

Sz(p) (p, z) O

Sz(p) = 0
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Wz(p, O) = Uz + O + γ[Sz(p) − O]
Jz(p, O) = (1 − γ)[Sz(p) − O]

(ρ + δ)Sz(p) = pz − bz + λEγ∫
∞

p
[Sz(p̃) − Sz(p)] dF(p̃) − λUγ∫

∞

0
Sz(p̃)dF(p̃)



Match Surplus Solution
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Match surplus is given by 
 
 
 
 
where  solvesp

Sz(p) = z∫
p

p

1
ρ + δ − λEγ(1 − F(p̃))

dp̃

0 = p − b − (λU − λE)γ∫
∞

p ∫
p̃

p

1
ρ + δ − λEγ(1 − F(p′￼))

dp′￼dF(p̃)



Proof
1. We can guess and verify that , where  solves 

 

2. Differentiate w.r.t.  to obtain 

3. With the boundary condition , we solve the above ODE to obtain  
 

4. Evaluate (S-1) at  to obtain

Sz(p) = z S(p) S(p)

p

S(p) = 0

p = p
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(ρ + δ)S(p) = p − b + λEγ ∫ ∞
p [S(p̃) − S(p)] dF(p̃) − λUγ ∫ ∞

0
S(p̃)dF(p̃)

(ρ + δ)S′￼(p) = 1 + λEγ(1 − F(p))S′￼(p)

0 = p − b − (λU − λE)γ ∫ ∞
p

S(p̃)dF(p̃)

(S-1)

S(p) = ∫ p
p

1
(ρ + δ − λEγ(1 − F(p̃))

dp̃



Wage Equation
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The wage of worker  at firm  with previous offer from firm  is: 
 

z p q < p

wz(p, Sz(q)) = ρUz + γ [(ρ + δ)Sz(p) − λE ∫
∞

p
∂pSz(p̃)(1 − F(p̃))dp̃]

+(1 − γ)[(ρ + δ)Sz(q) − λE ∫
p

q
∂pSz(p̃)(1 − F(p̃)) dp̃]
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z p q < p
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p
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Option value from 
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Wage Equation
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The wage of worker  at firm  with previous offer from firm  is: 
 

z p q < p

wz(p, Sz(q)) = ρUz + γ [(ρ + δ)Sz(p) − λE ∫
∞

p
∂pSz(p̃)(1 − F(p̃))dp̃]

+(1 − γ)[(ρ + δ)Sz(q) − λE ∫
p

q
∂pSz(p̃)(1 − F(p̃)) dp̃]

Option value from 
finding a better match

Option value from 
outside-offer matching



Special Cases
■ Under , the expression dramatically simplifies (Postel-Vinay & Robin, 2002) 

■               , , and  

■ Consequently, 
 
 
 

 wage at firm  strongly depends on  not so much on ! 

■ Notice that workers may accept wage cut, expecting the pay rise in the future 

■ When ,  is independent of origin firm : 

γ = 0

γ = 0 ⇒ Sz(p) = z
p − p

ρ + δ ∂pSz(p) = z
ρ + δ p = b

⇒ p q p

γ = 1 wz(p, Sz(q)) q
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wz(p, Sz(q)) = z (q −
λE

ρ + δ ∫
p

q
[1 − F(p̃)]dp̃)

wz(p, Sz(q)) = ρUz + [(ρ + δ)Sz(p) − λE ∫ ∞
p

∂pSz(p̃)(1 − F(p̃))dp̃]



Empirical Content of  
Sequential Auction Protocol? 

— DiAddario, Kline, Saggio & Sølvsten (2020)
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Empirical Application of Sequential Auction
Postel-Vinay & Robin (2002): 

■ Assume  and argue AKM model is “mis-specified” 

■ Part of what AKM attributes to “worker effect” is persistent outside option 

Cahuc, Postel-Vinay & Robin (2006): 

■ Estimate  using French employee-employer matched data 

■ The majority of workers have low  but extract surplus through counter-offers 

Bagger, Fontaine, Postel-Vinay & Robin (2014): 

■ Incorporate human capital accumulation to decompose the source of wage growth 

■ Counter-offers relatively unimportant compared to human capital & job-ladder 

γ = 0

γ

γ
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Putting Sequential Auction to the Test

■ All studies in the previous slide assume a sequential auction wage-setting protocol 

■ This leaves the sequential auction untested 

■ In fact, the survey evidence suggests many receive no offer-matching 

■ Can we test sequential auction vs. no offer matching (e.g., Burdett-Mortensen)? 
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AKM with Orign Firm
■ To a first-order approximation around  (mass point at ), we have 

 
 
 
where

p = q = p̄ p̄

20

ln wz(p, Sz(q)) ≈ ln z + ψ(p) + λ(q)

λ(q) ≡ (1 − γ)S′￼(p̄)
ρ + δ + λE

ρU + (ρ + δ)S(p̄)
(q − p̄)

ψ(p) ≡ ln Γ(p̄) + S′￼(p̄)γ
ρ + δ + λE

ρU + (ρ + δ)S(p̄)
(p − p̄)



Empirical Implementation

■ : hiring wage of worker  in her -th match 

■ : firm employing worker  in the -th match 

■  
 

■ Implement using Italian employer-employee matched data 2005-2015 

■ Call this model DWL (dual wage-ladder) model

wim i m

j(i, m) i m

21

ln wim = αi + ψj(i,m)
⏟

destination effect

+ λh(i,m)
⏟

origin effect

+ X′￼imγ + ϵim

h(i, m) =
j(i, m − 1) if employed at m − 1
U if unemployed at m − 1
N if no labor market experience 



DWL Yields <1pp Improvement in R2
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Table 2
Goodness of fit.

Pooled Men Women
AKM 0.7199 0.7311 0.6822
AKM (Gender-interacted) 0.7349

Origin effects 0.5809 0.5660 0.5452
Origin effects (Gender-interacted) 0.5871

DWL 0.7245 0.7370 0.6854
DWL (Gender-interacted) 0.7427

Note: This table presents the goodness of fit (R2) from various models for the three estimation samples
described in Table 1. The model labeled ‘‘Origin effects’’ corresponds to a model with worker and origin
effects and no destination effects. ‘‘DWL (Gender-interacted)’’ corresponds to a dual wage ladder model
where both destination and origin firm effects are interacted with a gender indicator. ‘‘AKM (Gender-
interacted)’’ interacts gender with destination firm effects while ‘‘Origin Effects (Gender-interacted)’’
interacts gender with origin effects. All reported measures of the goodness fit computed using the bias
correction of Kline et al. (2020) after leaving a worker–firm match out. See text for further details.

Table 3
AKM variance decomposition of hiring wages.

Pooled Men Women
Std Dev of log hiring wages 0.5286 0.4706 0.5623

Bias-corrected variance components
Std Dev of worker effects 0.2887 0.2558 0.2854
Std Dev of firm effects 0.2578 0.2431 0.2824
Correlation of worker, firm effects 0.3135 0.2311 0.3461

Percent of total variance explained by
Worker effects 29.83% 29.54% 25.77%
Firm effects 23.78% 26.68% 25.22%
Covariance of worker, firm effects 16.70% 12.98% 17.64%
X’d and associated covariances 1.69% 3.91% �0.41%
Residual 28.01% 26.89% 31.78%

Note: This table reports the variance decomposition after fitting an AKM model to hiring wages only using the estimation sample defined in Table 1b.
Variance components corrected using the leave-out bias correction of Kline et al. (2020) via leaving a worker–firm match out. Model includes controls
for a cubic in age at hiring and year of hiring fixed effects.

8.1. Worker-level AKM decomposition

As a benchmark for our DWL estimates, Table 3 reports a standard AKM decomposition of the variance of log hiring
wages into components attributable to worker and firm effects. After bias correction, we find that destination firm effects
explain 24% of the variance of wages in our pooled sample, while worker effects explain 30%. The bias corrected correlation
between worker and firm effects is 0.31, indicating substantial positive assortative matching of workers to firms. This
correlation is estimated to be somewhat stronger among women than men.

Table A.3 reports the results of fitting a corresponding AKM specification to the set of firms that remain connected
when leaving out all records associated with any single worker. Consistent with the findings of Kline et al. (2020, Table
A.1), bias correcting the variance of the firm effects by leaving out all records associated with a worker yields results
nearly identical to those obtained by leaving out a single worker–firm match. This finding corroborates our maintained
assumption that the DWL errors "im are approximately independent across matches.

Our estimate that firm effects explain 24% of hiring wage variability lies substantially above the bias corrected firm
effect contribution to Italian wage inequality reported in Kline et al. (2020). This discrepancy appears to be jointly
attributable to our restriction of the estimation sample to hiring wages and job movers. Table 4 shows that including
the within match wages of job movers lowers the bias corrected firm effect variance share to roughly 19%.9 Additionally
including job stayers in the sample reduces the variance share of firm effects to roughly 16%. Evidently, the AKM
specification provides a more informative summary of hiring wages than the wages of incumbent workers.

8.2. Worker-level DWL decomposition

Returning now to our pruned sample of hiring wages among job movers, Table 5 reports estimates of the DWL
specification, which decomposes the variance of log hiring wages into components attributable to worker effects,

9 To bias correct the samples in this table we leave-out all wage observations per worker–firm match, which allows for unrestricted correlation
in the errors within a match.
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It ain’t where you’re from…
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Table 4
Firm effect variance share by sample definition.

DWL
estimation
sample

DWL Estimation
sample restricted to
dominant jobs

Sample in Column (2)
with hiring and within-
match wages

Sample in Column (3)
adding Firm-stayers

[1] [2] [3] [4]
Summary statistics on Leave-out-Sample
Mean log wage 4.0753 4.0852 4.1765 4.3115
Std Dev of Log Wage 0.5286 0.5269 0.5443 0.5525

Number of individuals 3,194,370 3,004,100 3,004,100 6,022,869
Number of firms 701,459 645,011 645,011 645,011
Number of observations 10,100,836 8,754,197 21,609,391 41,666,584

Contribution of variance of firm effects
according to AKM model
Std Dev of firm effects (Bias-Corrected) 0.2578 0.2555 0.2399 0.2217
Fraction of variance explained by firm effects 23.78% 23.52% 19.42% 16.10%

Note: This table reports bias corrected AKM variance decompositions in four estimation samples. Sample in Column 1 corresponds to the pooled
estimation sample described in Table 1b and the dependent variable is hiring wages. Column 2 restricts the sample to dominant jobs in the year,
that is, person-job observations that correspond to the highest paying job of an individual in a particular year. Column 3 retains the worker–firm
matches used in Column 2 but includes within-match wages along with hiring wages. Column 4 adds to the sample of Column 3 firm-stayers, i.e.
individuals that remained always during the period 2005–2015 with one of the 645,011 employers of Column 3. All summary statistics refer to
the leave-out connected sample. All reported variance components are weighted by the number of observations present in each sample and are
bias-corrected using the methodology in Kline et al. (2020) leaving out all observations in a worker–firm match. Model includes controls for a cubic
in age at hiring and year of hiring fixed effects.

Table 5
DWL variance decomposition of hiring wages among job movers.

Pooled Men Women
Std Dev of log hiring wages 0.5286 0.4706 0.5623

Mean lj(i,m�1) among displaced workers 0.0414 0.0536 0.0687
Mean lj(i,m�1) among poached workers 0.0508 0.0543 0.0690
Origin effect when hired from non-employment (lU) 0.0163 0.0136 0.0220

Bias-Corrected variance components
Std Dev of worker effects 0.2823 0.2479 0.2798
Std Dev of destination firm effects 0.2580 0.2434 0.2828
Std Dev of origin effects 0.0439 0.0454 0.0431
Std Dev of origin effects (among poached workers) 0.0761 0.0782 0.0798
Correlation of worker, destination firm effects 0.3157 0.2351 0.3441
Correlation of worker, origin effects 0.1200 0.1629 0.0757
Correlation of destination firm, origin effects 0.0316 0.0308 0.0000

Percent of Total Variance Explained by
Worker effects 28.52% 27.75% 24.77%
Destination firm effects 23.81% 26.74% 25.29%
Origin effects 0.69% 0.93% 0.59%
Covariance of worker, destination 16.46% 12.81% 17.23%
Covariance of worker, origin 1.06% 1.66% 0.58%
Covariance of destination, origin 0.26% 0.31% 0.00%
X’d and associated covariances 1.66% 3.51% 0.09%
Residual 27.55% 26.30% 31.46%

Note: This table reports a DWL variance decomposition using the person-job observations described in
Table 1b. The top panel reports the average of the origin effects for individuals that were poached as
well as the estimated origin effect when hired from non-employment. All origin effects are normalized
relative to lN,which we set to zero, within each sample. Variance components are estimated using the
bias correction of Kline et al. (2020) via leaving a worker–firm match out. Model includes controls for
a cubic in age at hiring and year of hiring fixed effects.

destination effects, origin effects, and their covariances. After correction for over-fitting, the destination firm effects
explain roughly 24% of the variance of hiring wages, rivaling the worker fixed effects which explain 29% of the variance.10
When disaggregated by gender, the destination and worker effects explain nearly the same shares of variance, with
destination effects actually exhibiting slightly more variability than worker effects among women.

Comparing Tables 3 and 5 suggests that omitting origin effects yields little change to the estimated destination fixed
effects, an impression corroborated by Fig. A.2 which shows that projecting the DWL destination effects against the AKM

10 Uncorrected estimates of the DWL variance components are provided in Table A.4.
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Variance of Origin/Destination Effects by Sectors

24

S. Di Addario, P. Kline, R. Saggio et al. Journal of Econometrics 233 (2023) 340–374

Fig. 4. Variability of origin and destination effects by sector. Note: This figure reports bias corrected standard deviations of destination and origin
firm effects for selected sectors of the Italian economy (2-Digit 2007 Ateco codes). All variance components are firm-size weighted. The dashed line
is the 45 degree line. The sample is comprised of firms described in Table 1b for which both an origin and destination effect are identified.

More troubling is that the size-weighted variance of destination effects is approximately 13 times the size-weighted
variance of origin effects. Ratios this large are difficult to rationalize in a sequential auction model without extremely
strong worker bargaining power. From Table 6 we obtain an estimate for VJ [ ]�VJ [�]

VJ [ +�] of 0.76. Plugging this number into
(5) yields an estimated lower bound for � of 0.88! Conducting this computation separately by gender, the corresponding
lower bound for men is 0.87 while the lower bound for women is 0.92. These lower bounds on the bargaining strength
parameter substantially exceed rent sharing estimates in the literature reviewed by Card et al. (2018), which typically
finds estimates of � below 1/2. They also exceed BF-PVR’s own indirect inference based estimates which average roughly
0.3.

Eq. (6) provides another check on the plausibility of this bargaining power estimate. Rationalizing a worker bargaining
share of 0.88 requires a correlation between origin and destination firm effects of at least 0.84, well above our empirical
correlation estimate of 0.25. Correspondingly large violations of this model based correlation bound are present in
both gender specific samples. Hence, the covariance matrix of origin and destination firm effects is incapable of being
rationalized by the BF-PVR model.

One explanation for these violations may be that our sample pools workers from the entire Italian economy. Fig. 4
plots estimates of the variability of firm origin and destination effects among subsets of firms corresponding to selected
sectors of the Italian economy.11 A first finding is that substantial variability in firm origin and destination effects appears
to be present even within narrow sectors of the Italian economy. Unsurprisingly, temp agencies have very small origin
and destination effect variances, as workers are not meaningfully attached to these firms. However, the restaurant and
hotel sector exhibit large variability in destination effects but relatively muted variability in origin effects. By contrast,
law firms exhibit substantial variability in both origin and destination effects. Indeed, the two sets of effects are roughly
equally variable.

Table 7 shows the corresponding lower bounds on bargaining power and the correlation between origin and destination
firm fixed effects in these sectors. The general excess variation in destination effects across most of these sectors yields
lower bounds on bargaining power that remain implausibly high. Important exceptions are law firms, which exhibit a
lower bound on � of 0.54, and the banking and finance sector, which exhibits a lower bound of 0.61. However, law firms
exhibit little correlation between firm origin and destination effects, while the BF-PVR model requires a correlation of
at least 0.58. In the banking and finance sector the BF-PVR model requires a correlation of at least 0.57, which is only
slightly above the estimated empirical correlation of 0.55. Yet in all other sectors the empirical correlations are far below
their lower bounds, implying the BF-PVR model cannot rationalize the structure of wages in any of these industries.

11 The fraction of hiring wage observations falling into each sector is reported in Table A.1.
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Origin Effect Barely Varies with Value-Added
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Fig. 5. Origin and destination effects by value added. Note: Panel (a) reports means of the destination effects ( j) and origin effects (�j) by firm-size
weighted centiles of log value added per worker. The sample consists of 177,193 firms for which both an origin and a destination effect are identified
and for which value added is non-missing. Origin effects have been normalized relative to �N , which has been set to zero. Destination effects have
been normalized to have mean zero in the lowest vingtile of the firm-size weighted distribution of mean value added per worker. Projection slope
obtained from regressing firm effects on value added in the microdata over relevant range of value added per worker. Standard errors reported in
parentheses are constructed using the estimator described in equation 7 of Kline et al. (2020). Panel (b) depicts the same y-values as panel (a) but
changes the x-axis to report averages of  j + �j within each weighted centile of value added per worker. Projection slopes obtained by fitting mean
wages in each centile to above/below median centiles of the value added per worker distribution.

The origin effects are much less sensitive to productivity than the destination effects. The projection slope of the
average origin effects with respect to average productivity rises from only 0.03 among the bottom 50 bins to 0.22 in
the top 50 bins. This pattern suggests the origin effects are convex in log productivity, which contradicts the sequential
auction model’s prediction that this relationship should be concave.
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Summary

■ Sequential auction wage-setting protocol has been extremely popular 

■ Until very recently, the assumption has never been tested 

■ DKSS: hiring wage is almost unrelated to the worker’s origin 
 “It ain’t where you’re from, it’s where you’re at”! 

■ This casts doubt on the relevance of sequential auction protocol… or not?

⇒
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