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Abstract— Based on a recent pre-bond TSV probing tech-
nique, this paper proposes an iterative greedy procedure to
sort the order of test sessions for reducing pre-bond TSV test
time. We then combine that session sorting procedure with two
existing methods to develop a 3-Step test time Optimization
Simulator named “SOS3”. SOS3 consists of an ILP (integer
linear programming) model for session generation, the greedy
procedure for session sorting, and a TSV identification algo-
rithm for early test termination. Experiments are done for
various TSV networks and two observations are made. First,
session sorting plays an important role within SOS3 as it helps
to further reduce pre-bond test time expectation and thus
reduces pre-bond TSV test cost. Second, SOS3 as a framework
greatly speeds up the pre-bond TSV test.

I. INTRODUCTION

Pre-bond TSV testing identifies defective dies early in
the process, which provide the known good die (KGD)
information for die-to-die, die-to-wafer or even wafer-on-
wafer fabrication process [14], [17]. Several built-in self-
test (BIST) techniques for pre-bond TSV testing have been
proposed [3], [4], [8], [13]. However, the BIST approaches
require dedicated circuit to be added for each individual TSV,
and the area overhead is huge since there can be tens of
thousands TSVs on a chip [12]. Moreover, the BIST circuits
themselves suffer from process variation, which may render
them totally useless.

A pre-bond TSV probing method has been proposed [7]
where multiple TSVs are shorted together by one probe nee-
dle, forming a TSV network. A parametric test is conducted
by adding an active driver in the probe needle and forming
a charge sharing circuit between one (or multiple) TSV(s)
and the probe needle. This probing method offers robustness
to process variation, requires less hardware overhead, and is
likely to be utilized in practice. Based on that work [7], those
authors further proposed [6] a heuristic method to generate
a series of test sessions that can uniquely identify up to
a certain number of faulty TSVs within a network. This
heuristic method reduced test time compared to sequential
testing of each TSV. Recent work [16] further proposes
an ILP (integer linear programming) model for session
generation and demonstrates that the total number of sessions
obtained by the ILP model is less than that generated by [6].
It has been observed [15] that though sometimes all sessions
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need to be tested to identify faulty TSVs, most of the time
the TSV identification process can be terminated by testing
only a fraction of all sessions.

In real silicon, TSV yield is expected to be more than
99% [2]. We calculated the probability of different number
of failing TSVs within a TSV network considering differ-
ent TSV defect distributions. The results suggest that the
probability of φ faults within a TSV network decreases
dramatically as φ increases. This observation motivates us
to emphasize the application order of test sessions so that
pre-bond TSV test can be terminated as soon as possible.
We make two contributions in this paper. First, we propose
an iterative greedy procedure for session sorting. Second,
we combine the iterative greedy procedure with two ex-
isting methods and form a 3-Step test time Optimization
Simulator (“SOS3”). SOS3 consists of three steps, namely,
ILP-based session generation [16], iterative greedy procedure
for session sorting, and fast TSV identification algorithm
for early test termination [15]. Each step provides inputs
to the next step. In the experimental section, we calculate
the test time expectation for various TSV networks. The
results demonstrate that session sorting procedure plays an
important role in SOS3 as it helps further reduce test time
expectation by as large as 31.8%. We also observe that with
SOS3 the expectation of TSV identification time is much
less than the total time of testing all sessions. Thus, fast pre-
bond TSV testing offered by SOS3 is expected to greatly
reduce pre-bond test cost of 3D stacked ICs.

II. PRELIMINARIES

A. TSV probing technique

To pinpoint TSV resistive defects before die bonding,
recent work[7] proposes the use of a large probe needle
with active driver to contact many TSVs at a time. The
TSVs simultaneously contacted by the probe needle form
a TSV network. The number of TSVs within a network is
typically less than 20 based on the relative diameter and
pitch of probe needles and TSVs [9], [10]. TSV resistance
test can be conducted by adding an active driver in the probe
needle and forming a charge sharing circuit between one (or
multiple) TSV(s) and the probe needle. The goal of TSV
probing is to identify up to a certain number of faulty TSVs
(let’s say m) within a TSV network so that the on-chip
TSV redundant architecture can replace all identified faulty
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TSVs with redundant ones. If the number of faulty TSVs
within network exceeds m, then not all faulty TSVs can be
replaced due to the limited redundancy and the chip should
be discarded.

B. Test session generation

Any TSV can be tested individually using the previous
technique [7]. However, testing each TSV sequentially re-
sults in unnecessarily long test time. To reduce test time,
multiple TSVs within the same network may be tested in
parallel [6]. With carefully designed parallel tests up to m
faulty TSVs can be uniquely identified. The TSVs tested in
parallel form a test session. The number of TSVs within a
session can range anywhere from 1 to r where r represents
the maximum number of TSVs a session can hold. Based on
the previous technique [6], [7], we draw three conclusions.
First, the test time of a session is inversely proportional to
the number of TSVs within the session. Second, any faulty
TSV within a session will cause the session test to fail but
we cannot decide which TSV is faulty. Third, a good session
test implies that all TSVs within the session are fault-free.

By forming a series of sessions that can uniquely identify
up to m faulty TSVs within a TSV network [6], [16], it
is possible to reduce the test time compared to that of
sequentially testing each TSV. Reference [6] leveraged a
heuristic method to generate such set of sessions, though
with results that are far from being optimal. Recent work [16]
has proposed an ILP (integer linear programming) model
for test session generation. The ILP model reduces the total
number of sessions and total test time compared to the
heuristic [6]. That ILP model [16] is referred to as “ILP
model 1” to differentiate it from the ILP model proposed in
the present work.

C. A fast TSV identification algorithm

We define a fault map ρ as positions of all defective TSVs
within a TSV network. |ρ| indicates the number of faulty
TSVs within ρ. The test sessions [6], [?] guarantee that all
fault maps with |ρ| ≤ m can be uniquely identified. However,
a careful observation [15] shows that for identifying most of
the fault maps with |ρ| ≤ m, only a small portion of the
total sessions need to be tested. The identification test can
stop as soon as one of the following conditions occurs: 1)
all TSVs have been identified as either good or bad, or 2)
the number of identified faulty TSV reaches m+ 1 because
then the chip will fail due to lack of redundant resources and
further identification is useless. Based on these termination
conditions, a fast TSV identification algorithm has been
developed [15]. With that TSV identification algorithm the
average test time is much less than the total test time for
various TSV networks.

D. Terminology

We define the following terminology:

1) TSV network. It consists of all TSVs that are simulta-
neously contacted by a single probe needle.

2) Test session. During pre-bond TSV probing, TSVs
tested in parallel within the same TSV network form
a test session.

3) Session size. Session size is the number of TSVs within
a session.

4) Test time of a session. Test time of a session is
inversely proportional to the session size [6], [7], [16].

5) Resolution constraint. Resolution constraint r indicates
that the session size should never exceed r [6], [16].

6) Maximum number of faulty TSVs to be identified within
a network. This number m equals to the number of
redundant TSVs in the TSV network being tested.

7) Fault map. Fault map ρ represents positions of all
defective TSVs within a network.

III. PROBABILISTIC ANALYSIS OF NUMBER OF FAULTY
TSVS WITHIN A TSV NETWORK

TSV defect distributions can be broadly classified as
two types, namely independent defect distribution [18] and
clustered defect distribution [11], [18]. For independent TSV
defect distribution, the failing probabilities of TSVs are
independent of each other. The probability of φ faulty TSVs
within a T -TSV network can be calculated as:

P (φ) =

(
T
φ

)
pφ(1− p)T−φ (1)

where p is average TSV failing probability.

To model defect clustering we consider a scenario where
the presence of a defective TSV increases the probability
of more defects in a close neighborhood [11], [18]. Such a
phenomenon can be modeled [18] by assuming that, 1) a
defect cluster center [11], [18] only consists of one single
defective TSV, and 2) the failing rate of TSVi is inversely
proportional to the distance from the existing cluster center.
Thus,

p(TSVi) = p · (1 + (
1

dic
)α) (2)

where p(TSVi) is the failing probability of TSVi, dic is
the distance between TSVi and the cluster center, and α
is a clustering coefficient. A larger value of α implies less
clustering. As α → ∞, the defect distribution becomes
independent defect distribution.

The clustered model need to take the TSV location in-
formation into account. Since the number of TSVs within
a network is typically less than 20, we consider each TSV
network as a 5× 5 matrix. The value 5 is chosen based on
the ratio of the pitch of current probe needle and the pitch
of realistic TSVs [9], [10]. We randomly put T TSVs on
the integral coordinates of the matrix to obtain the location
information for each TSV. After that, we employ equation 2
to analyze the probability for the number of defective TSVs
(φ) within a network. Following [18], we assume that each
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TABLE I: Probability of the number φ of failing TSVs
within a 15-TSV network.

Defect TSV Number of faulty TSVs φ
distribution yield 0 1 2 ≥3

99.5% 92.76% 6.99% 0.25% 0.00%
Independent 99.0% 86.01% 13.03% 0.92% 0.04%

98.0% 73.86% 22.60% 3.23% 0.31%
Clustered 99.5% 92.76% 6.70% 0.35% 0.19%

α=1 99.0% 86.01% 12.07% 1.26% 0.66%
98.0% 73.86% 19.55% 4.16% 2.43%

Clustered 99.5% 92.76% 6.78% 0.31% 0.15%
α=2 99.0% 86.01% 12.39% 1.13% 0.47%

98.0% 73.86% 20.60% 3.81% 1.73%

TSV network has only one defect cluster and defect clusters
within different networks do not interfere with each other.

Table I shows the probability of different values of φ for
a 15-TSV network. We vary the TSV yield from 98.0% to
99.5% to accommodate different levels of maturity of the
manufacturing processes. The clustering coefficient α is set
as 1 and 2, similar as previously reported [5], [18]. The
values under clustered defect distribution are averaged over
100 Monte Carlo runs, with each run randomly placing 15
TSVs on 5 × 5 matrix. By doing this, we try to simulate
all possible TSV placements in real silicon. Three important
observations are made from Table I. First, no matter what
defect distribution is, the probability of φ = 0 is the largest
and even much larger than the sum of the rest situations with
φ > 0. Second, the sum of probabilities for φ = 0 and φ = 1
is almost 1 in all situations and the probability of φ ≥ 3 is
quite low. Third, as TSV yield decreases, the probability
of φ = 0 decreases. Motivated by these observations, we
propose to sort the order of test sessions to reduce the
expectation of pre-bond TSV test time, as explained in the
next section.

IV. AN ITERATIVE GREEDY PROCEDURE FOR TEST
SESSION SCHEDULING

We express the expectation E(Γ) of test time (Γ) for a
TSV network as follows:

E(Γ) =
∑
Anyρ

γ(ρ)P (ρ) (3)

where γ(ρ) is the identification time to determine the fault
map ρ using the TSV identification algorithm [15], and P (ρ)
is the occurrence probability of ρ. Note that ρ = ∅ or |ρ| =
φ = 0 means that all TSVs within the network are fault-free.
We formulate two problems to be solved.

Problem 1. Given a series of N test sessions that can
uniquely identify up to m faulty TSVs within a TSV network
of T TSVs, find an optimal order to apply those sessions so
that the expectation of pre-bond TSV test time is minimized
for this TSV network.

To solve Problem 1, a straightforward method is to find
all permutations of test sessions, and for each permutation
calculate the test time expectation using equation 3. The
permutation that yields minimum E(Γ) would be the best

choice. However, there can be N ! permutations and 2T − 1
fault maps. So the identification algorithm [15] must be run
by N ! · (2T − 1) times, which is highly time-consuming
even for a small network. Fortunately, we notice that the
probability for the number φ of faulty TSVs is inversely
proportional to φ. Specifically,∑

|ρ|=i

P (ρ)�
∑
|ρ|=j

P (ρ) for any i < j (4)

where
∑
|ρ|=i

P (ρ) = P (φ = i) and
∑
|ρ|=j

P (ρ) = P (φ = j).

Motivated by the fact that P (ρ) is large for small |ρ| and
decreases dramatically as |ρ| increases, if we can reduce
γ(ρ) for small |ρ| the test time expectation should be greatly
reduced. For example, the probability P (ρ = ∅) (all TSVs
being good in a network) dominates. In case of ρ = ∅, all
TSVs are identified as good TSVs as long as the already
tested sessions covered all TSVs. Based on this observation,
a second problem is formulated.

Problem 2. Given N test sessions that can uniquely
identify up to m faulty TSVs within a network of T TSVs,
select M out of N sessions such that these M sessions cover
each TSV at least once and the total test time of the selected
M sessions is minimum.

Problem 2 can be solved by constructing an ILP model,
referred to here as “ILP model 2”. We introduce a variable
Pj , j ∈ [1, N ], such that

Pj =

{
1 if session Sj is selected
0 otherwise

(5)

Then, the ILP model is described as follows:

Objective: Minimize
N∑
j=1

t(Lj) · Pj

Subject to constraints: TSVi is tested at least once by the
selected sessions, for 1 ≥ i ≥ T .

Let Lj represent the size of session Sj , and t(Lj) the
test time of Sj , which is a constant for a given Lj [6].
The number of variables and constraints for ILP model 2
(a measure of the complexity of the problem) are O(NT )
and O(T ), respectively. In all our experiments, ILP model 2
is solved in 1 second or less. The M sessions covering all
TSVs with minimal time will be sorted and tested before
the rest of the sessions. This will reduce γ(ρ = ∅) and thus
reduce the test time expectation.

As can be seen from Table I, Prob(φ = 1) is significant.
If we can further reduce γ(ρ) with |ρ| = 1, the test time
expectation should be reduced too. The N test sessions
in Problems 1 and 2 can be produced by either the ILP
model 1 [16] or the heuristic method [6]. Because sessions
produced by both methods have characteristics such that if
each TSV is covered (or tested) by at least two sessions,
any single faulty TSV can be uniquely identified. To reduce
γ(ρ) with |ρ| = 1, we can hold the M sessions produced by
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Initialization: 

Original_sessions = All the sessions;

TSV_set = All the TSVs within network;

Sorted_sessions = [  ];

Stop_index = any integer     [1, m+1];

k=1;

Iterative Execution:

while (k <= Stop_index) do

       {

Step1:  Use ILP model 2 to find a subset of sessions from

Original_sessions which cover each TSV within

TSV_set at least once with minimum test time;

Step2:  Append all sessions produced by Step1 to the end 

                       of Sorted_sessions;

Step3:  Remove these sessions produced by Step1 from 

Original_sessions;

Step4:  Based on Sorted_sessions, calculate the times each 

                       TSV is covered;

Step5:  Set TSV_set  TSVs which have been covered by

                       only k times;

Step6: k++;

        }

 Return Final Results:

     Append Original_sessions to the end of Sorted_sessions;

     Return Sorted_sessions;

Procedure Test_session_sorting

 

Fig. 1: Pseudo-code for iterative test session sorting.

ILP model 2, and find M1 sessions from the rest N −M
session such that these M + M1 sessions will cover each
TSV at lease twice and the test time of the M1 sessions
is the minimum. Next we explain how ILP model 2 can
be again utilized to find these M1 sessions. We first count
the times each TSV is covered by the first M sessions, and
put the TSVs which have been covered only once to a list
named “TSV set”. ILP model 2 can be utilized to find
M1 sessions out of the N − M sessions such that each
TSVi, i ∈ TSV set is covered (or tested) at least once
by these M1 sessions and the total test time of these M1

sessions is the minimum. The produced M1 sessions will be
sorted and tested directly after M sessions. These M +M1

sessions guarantee that γ(ρ = ∅) is minimized and based
on this premise we further minimize γ(ρ) with |ρ| = 1
(simply represented as γ(|ρ| = 1)). Similar procedure can
be repeated for reduction of γ(|ρ| = 2), γ(|ρ| = 3), · · · ,
until γ(|ρ| = m).

We summarize the overall procedure for session sort-
ing in Figure 1. ILP model 2 is iteratively utilized in
Test session sorting procedure with each execution tries to
find a subset of sessions from “Original sessions” so
as to cover all the TSVs within “TSV set” at least once
with minimum time. The greedy nature of our procedure is
obvious since it puts higher priority on reducing γ(ρ) with
smaller |ρ|. The run time of the procedure is (almost) equal
to the run time of ILP model 2 times how many times ILP
model 2 is executed which is determined by “Stop index”
in Figure 1. Note “Stop index” can be set as any value from
1 to m+ 1. When “Stop index” is 1, Test session sorting
will only reduce γ(ρ = ∅) by finding M sessions which
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1. Sorted list of test sessions;      2. Identified good and bad TSVs;

3. Test time expectation;  4. Expectation of number of tested sessions;

Outputs of SOS3

1. Resolution constraint 

    r;

2. Test time for different 

    session size, t;

Probing technology 

information

1. Maximum faulty TSV  

    to be pinpointed   

    within network, m;

On-chip TSV 

redundancy  information

1. TSV defect distribution 

2. Number of TSVs, T;   

3. TSV yield;

4. TSV physical layout 

    within network;

TSV and TSV network 

information

Fig. 2: Three-step test time optimization simulator.

covered all TSVs at least once with minimum time. When
“Stop index” is m + 1, the procedure will first reduce
γ(ρ = ∅), and then reduce γ(|ρ| = 1), and then reduce
γ(|ρ| = 2), · · · , all the way up to reducing γ(|ρ| = m).

V. A THREE-STEP TEST TIME OPTIMIZATION SIMULATOR

In this section we proposed a 3-Step test time Optimization
Simulator (SOS3). The first step of SOS3 is ILP model 1 [16]
for test session generation. Note that we choose ILP model 1
instead of the heuristic method [6] because test sessions
generated by both methods have exactly the same TSV
identification capability, however, the ILP model generates
fewer sessions and is more time-efficient. The second step of
SOS3 is the proposed iterative greedy procedure for session
sorting. This procedure accepts the N sessions from step
1 as the inputs and sort the sessions to reduce test time
expectation. The last step is the fast TSV identification al-
gorithm [15]. This algorithm takes the sorted list of sessions
as the inputs and finish the identification process as soon as
any termination condition happens. By integrating session
sorting procedure and fast TSV identification algorithm in
SOS3, the pre-bond TSV probing can be terminated as soon
as possible with largely reduced test time expectation.

Figure 2 illustrates the overall diagram of SOS3. The
inputs to SOS3 contain 3 pieces of information: 1) the TSV
and TSV network information, 2) the probing technology in-
formation, and 3) the on-chip TSV redundancy information.
The outputs of SOS3 are: 1) the sorted list of sessions, 2)
identified TSVs, 3) test time expectation, and 4) expectation
of number of tested sessions.

VI. EXPERIMENTAL RESULTS

We compare both the expectation of test time and number
of tested sessions between two different simulators: SOS3
and SOS2 (2-Step test time Optimization Simulator). The
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only difference between SOS2 and SOS3 is that the iterative
session sorting procedure is eliminated in the former. By
comparing these two simulators, we try to illustrate the
importance of session sorting for test time reduction. Note
we did not compare the test time expectation of SOS3 to that
of the heuristic method [6] due to the following two reasons.
First, ILP model 1 returns a smaller number of sessions
and less test time; Second, the session sorting procedure in
combination with the identification algorithm helps reduce
test time expectation further.

The expectation of test time E(Γ) is estimated as follows:

E(Γ) =


∑
|ρ|<2

γ(ρ)P (ρ) + TT
∑
|ρ|≥2

P (ρ) if m = 1∑
|ρ|≤2

γ(ρ)P (ρ) + TT
∑
|ρ|≥3

P (ρ) if m ≥ 2
(6)

where TT represents the total time of testing all the sessions
produced by ILP model 1 [16].

Similarly the expectation of number of tested sessions
E(S) in this section is estimated as follows:

E(S) =


∑
|ρ|<2

η(ρ)P (ρ) +N
∑
|ρ|≥2

P (ρ) if m = 1∑
|ρ|≤2

η(ρ)P (ρ) +N
∑
|ρ|≥3

P (ρ) if m ≥ 2
(7)

where η(ρ) represents the number of tested sessions for
identification of fault map ρ using TSV identification al-
gorithm [15]. N represents the total number of sessions
produced by ILP model 1 [16].

Equations 6 and 7 are explained as follows. For TSV
network with m = 1, we simply assume any fault map
with |ρ| ≥ 2 will cause the entire sessions to be tested.
This is because sessions generated for m = 1 is not in-
tended for identifying more than one faulty TSV. Moreover,
P (φ ≥ 2) =

∑
|ρ|≥2

P (ρ) is low. Such a low probability

has negligible impact on expectation calculation. For TSV
networks with m ≥ 2, we assume the entire sessions need
to be tested to identify fault maps with |ρ| ≥ 3. This is
because it generally takes most of the sessions to identify
large number of defective TSVs (like |ρ| ≥ 3). Moreover,
P (φ ≥ 3) =

∑
|ρ|≥3

P (ρ) is pretty low as referring to Table I.

Such a low probability has little impact on expectation
calculation.

Based on equations 6 and 7, we compare SOS2 and
SOS3 for various values of T , m, r. A commercial ILP
solver named CPLEX [1] is used in our experiments. For all
simulations, SOS3 and SOS2 provide the outputs in less than
one minute. The expectation of number of tested sessions and
test time for both SOS2 and SOS3 are shown in Tables II
and III, respectively. We provide an insightful evaluation of
SOS3 by varying TSV yield from a low value of 98.0% to a
practically expected value of 99.5%. Due to space limitation,
we did not provide simulation results of 99.0% TSV yield.

TABLE II: Expectation of number of tested sessions,
defect clustering coefficient α = 1, data shows (sessions
for SOS2, sessions for SOS3, reduction by SOS3).

Parameters Total number Expected number of tested sessions, E(S)

T , m, r of sessions, N TSV yield = 99.5% TSV yield = 98.0%

8, 1, 2 8 (5.0, 4.0, 19.3%) (5.2, 4.3, 17.4%)
8, 2, 3 8 (5.0, 4.0, 19.4%) (5.1, 4.2, 17.6%)
11, 1, 2 11 (8.0, 6.0, 24.2%) (8.2, 6.4, 21.8%)
11, 2, 3 11 (6.0, 4.1, 31.6%) (6.3, 4.6, 26.8%)
15, 2, 2 23 (10.0, 8.1, 19.3%) (10.6, 8.7, 17.0%)
15, 3, 3 20 (7.1, 6.1, 13.5%) (7.8, 6.9, 11.2%)
16, 3, 4 16 (6.1, 5.2, 15.3%) (6.9, 6.1, 11.6%)
16, 4, 4 20 (5.2, 4.3, 17.9%) (6.2, 5.4, 12.8%)
20, 3, 4 20 (9.1, 6.3, 31.1%) (9.9, 7.5, 24.2%)
20, 4, 4 25 (9.2, 6.3, 31.3%) (10.3, 7.8, 24.5%)

TABLE III: Expectation of test time (10−7s), defect
clustering coefficient α = 1, data shows (test time for
SOS2, test time for SOS3, reduction by SOS3).

Parameters Test time of all Expectation of test time, E(Γ)

T , m, r sessions, TT TSV yield = 99.5% TSV yield = 98.0%

8, 1, 2 42.4 (26.6, 21.5, 19.3%) (27.6, 22.8, 17.4%)
8, 2, 3 33.6 (21.0, 16.9, 19.4%) (21.5, 17.7, 17.6%)

11, 1, 2 58.3 (42.5, 32.1, 24.2%) (43.6, 34.1, 21.8%)
11, 2, 3 46.2 (25.4, 17.3, 31.6%) (26.4, 19.3, 26.8%)
15, 2, 2 121.9 (53.3, 43.0, 19.3%) (56.1, 46.5, 17.0%)
15, 3, 3 84.0 (29.9, 25.8, 13.5%) (32.7, 29.0, 11.2%)
16, 3, 4 60.8 (23.4, 19.8, 15.3%) (26.3, 23.2, 11.6%)
16, 4, 4 76.0 (19.9, 16.3, 17.9%) (23.8, 20.8, 12.8%)
20, 3, 4 76.0 (34.7, 23.9, 31.1%) (37.9, 28.7, 24.2%)
20, 4, 4 95.0 (35.0, 24.0, 31.3%) (39.3, 29.7, 24.5%)

Nonetheless, those simulation results always lie somewhere
between the results for 98.0% and 99.5% TSV yields. Note
we only show the results under clustered defect distribution
with α = 1, since the results are quite similar for the rest
two defect distributions in Table I.

The first column of both tables show various TSV net-
works with different T , m, r. The second column of Table II
and Table III show the total number of sessions and total
test time of all sessions produced by ILP model 1 [16],
respectively. Column 3 and 4 of both tables consist of
elements with each element consisting of 3 values, i.e.,
(the expectation value of SOS2, the expectation value of
SOS3, the relative percentage improvement of SOS3 over
SOS2). Note that all values are the averaged results of 100
Monte Carlo runs, with each run corresponding to a different
TSV placement in a 5-by-5 matrix. By doing this we try to
simulate all possible TSV layouts in real silicon.

We make four observations from Table II and III. First,
both the expectation of number of tested sessions and the
expectation of test time is only a small portion of total
number of sessions and total test time, respectively. This
demonstrates that SOS2 and SOS3 greatly speed up the pre-
bond TSV identification process and thus reduce pre-bond
TSV test cost. As can be seen from Table II, the total number
of sessions can reach as high as 25, but the expectation of
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number of tested sessions is always no more than 8.7 for
SOS3. For TSV network with T = 20, m = 4, r = 4, the test
time expectation of SOS3 is only 31.3% of the total test time,
considering 98.0% TSV yield. Second, both the expectation
of test time and number of tested sessions increases for lower
TSV yield. This is because the probability of having larger
number of defective TSVs within a network increases as
TSV yield decreases. Identifying larger number of faulty
TSVs typically takes more sessions and longer test time
for both SOS2 and SOS3. Third, SOS3 helps further reduce
the expectation value compared to SOS2. For example, for
T = 11, m = 2, r = 3, SOS3 further reduces test
time expectation by 31.6% compared to SOS2 considering
99.5% TSV yield. Fourth, the improvement of SOS3 over
SOS2 decreases as TSV yield decreases. This is because the
session sorting procedure within SOS3 puts higher priority
on reducing the identification time for smaller value of
|ρ|. To identify fault map with large |ρ| (like |ρ| ≥ 2),
SOS3 does not have much advantage over SOS2. As TSV
yield decreases, P (φ ≥ 2) =

∑
|ρ|≥2

P (ρ) increases and the

advantage of SOS3 also slightly decreases. However, even
the smallest improvement of SOS3 over SOS2 is 11.2% in
both tables. The large differences between SOS2 and SOS3
illustrate the significance of session sorting in reducing test
time expectation.

VII. CONCLUSION

In this work, a session sorting procedure is proposed
to sequence test sessions in such a way that the pre-
bond TSV test can terminate as soon as possible for small
number of faulty TSVs within a network. This session
sorting procedure, although greedy in nature, is based on
iterative execution of an ILP model. We also propose a 3-
step test time optimization simulator (SOS3) to reduce pre-
bond test time expectation. In SOS3, an existing ILP model
is first used to generate a series of test sessions with certain
identification capability. Then, session sorting is conducted
based on the generated sessions. Lastly, an existing fast TSV
identification algorithm is used for early test termination.
Extensive experimental results for various TSV networks
demonstrate the benefit of session sorting on reducing test
time expectation. We also show how SOS3 guarantees that
the test time expectation is always a small portion of the
total time of testing all the sessions. As a framework, SOS3
is expected to greatly reduce pre-bond TSV test cost in real
silicon.
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