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ABSTRACT: Pseudo-random binary sequences (PRBS) are widely used in high-speed digital systems to evaluate signal
integrity and transmission reliability. However, the statistical characteristics of different PRBS degrees have not been as
comprehensively analyzed as those of other specialized random sequences. In this study, we investigated the characteristics of
PRBS7 through PRBS31, which is commonly used in practice, using a Python-based model. The analysis covered randomness
properties, including run-length distribution, frequency balance, entropy, and power spectral density (PSD), as well as how these
characteristics vary with noise intensity. The results provide objective criteria for selecting an appropriate PRBS generator, taking

into account both statistical quality and implementation cost.

KEYWORDS: Engineering, Digital Electronics, Digital Logic System, Pseudo Random Binary Sequence.

B Introduction

With the rapid advancement of technology, the importance
of high-speed serial interfaces such as Universal Serial Bus
(USB), Peripheral Component Interconnect Express (PCle),
and Ethernet in large-scale data transmission continues to
grow. In particular, recent trends in artificial intelligence have
explosively accelerated the demand for high-bandwidth in-
put/output (I/O). However, channel insertion loss and noise
through cables or printed circuit boards (PCBs) make it dif-
ficult to scale the bandwidth of high-speed interfaces and
significantly contribute to an increase in bit error rate (BER).!
Although semiconductor and circuit design technologies have
substantially improved the operating speed of integrated cir-
cuits, the analysis and verification of such high-speed circuits
have become increasingly challenging.
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Figure 1: Run length distribution of the PRBS polynomials. The figure
illustrates how the feedback shift registers defined by each primitive polynomial
generate deterministic pseudo-random bit sequences through modulo-2
addition. Differences in the polynomial coefficients result in distinct sequence
characteristics, which are reflected in the observed run-length distributions.

For efficient validation, it is desirable to test circuits at the
same speed as their actual operating frequency. PRBS provides
a cost- and time-effective solution since it can be integrated
directly into digital circuits without the need for expensive test
equipment, thereby enabling at-speed testing.? Consequently,
PRBS-based BER measurement has become a fundamental

requirement for verifying the data transmission quality of var-
ious high-speed interfaces. Although PRBS appears to be a
random sequence, it is in fact a deterministic bit stream gen-
erated by a Linear Feedback Shift Register (LFSR), where the
previous state of the register determines each output bit.* A
sequence is defined by a register length N and a corresponding
primitive polynomial. For example, when the highest degree
of the primitive polynomial is 7, the sequence is denoted as
PRBS7, whereas a 15th-degree polynomial defines PRBS15.
Figure 1 illustrates an N-degree PRBS generator based on the
polynomial C,x" + C,,_;x" T ++ Cox® + Cyp'+1.

LFSR consists of N linearly connected registers X, and a co-
efficient set C,. The feedback function computes the new state
based on the initial values of the shift register using modulo-2
addition and multiplication.** In this operation, addition can
be replaced with an exclusive OR (XOR) gate, and the multi-
plication can be replaced with an AND gate. As an example,
the operation of PRBS7 can be explained using the primitive
polynomial x” + x®+1. The corresponding coefficient vector is

(C1,C2,C3,C4,C5,C6,C7) = (0,0,0,0,0,1,1)

Assume the initial register state is
(x1,x2,x3,x4,x5,x6,x7) = (0,1,0,1,1,0,1)
The new feedback bit x0 is calculated as a modulo-2 linear
combination of the tapped registers

x0 = (Cs * x6) ® (Cq * x7)
Substituting the value x¢ = 0 and x7 = 1, we obtain
Xo = 0 ED 1=1

This feedback bit is inserted into the first register, while all
other register values are shifted to the right. The updated state
becomes

(x1,x2,x3,x4,x5,x6,x7) = (1,0,1,0,1,1,0)
By repeating this process, the PRBS7 generator produces a

deterministic bit sequence that appears random but has a max-
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imal length of 27-1=127 before repeating. Using this principle,
PRBS patterns of different degrees can be generated. Although
several studies have investigated pseudo-random number gen-
erators,”? most have focused on specialized generators used in
applications such as cryptography, and a comprehensive under-
standing of the statistical and structural properties of PRBS of
various degrees used in high-speed systems is still not fully
understood in practice. To address this gap, the main objec-
tive of this study is to systematically compare and analyze the
properties of PRBS sequences of different polynomial degrees
employed in high-speed interface designs. Specifically, we im-
plement various PRBS patterns using a Python model and
evaluate them against widely used pseudo-random sequence
generators. The analysis includes statistical randomness prop-
erties, sequence performance, and hardware implementation
cost. Through this investigation, we aim to provide useful cri-
teria for selecting the most suitable generator depending on
specific design requirements.

B Methods

PRBS Polynomials:

In this study, we reviewed several primitive polynomials
with PRBS degrees ranging from 7 to 31 in relevant litera-
tures10-12 and selected 9 PRBS polynomials representing
short, medium, and long sequences as shown in Table 1. This
selection covers a wide range of sequence lengths and reflects
the PRBS patterns widely used in digital systems. A Python
model was designed for statistical analysis. Each PRBS poly-
nomial was implemented in Python, and the formulas required
for the respective statistical analyses were simulated accord-
ingly.

Table 1: Different degrees of PRBS polynomials. This table shows a list of

commonly used PRBS patterns, their corresponding primitive polynomials,
and degrees N. Using the PRBS patterns defined in the table, various statistical

tests are performed to compare their characteristics.

Pl;ﬁljfn Polyn:rljl?asl Degree (N)
PRBS7 X7+ X5 +1 7
PRBS9 X0+ X5 +1 9
PRBS11 XU+ X% +1 11
PRBS13 XB 4+ X7+ X3+ X2 +1 13
PRBS15 X154 X1 41 15
PRBS19 X9+ X5+ X2+ X +1 23
PRBS23 X2 4 X18 41 23
PRBS27 X7 + X5+ X2+ X +1 40
PRBS31 X314+ X% +1 31

Statical Analysis:

Run Length Distribution:

All selected polynomials have been proven in previous re-
search to be irreducible primitive polynomials.>* This means
that the maximum length of the selected polynomial of de-
gree N is 2" - 1 bits for a given degree V. Run tests were
performed to analyze and compare the statistical randomness
and maximum run length properties of each generated PRBS
sequence.” For a PRBS of degree IV, the expected run count
for run length L is given by:

N+1

Run Count = (1<L<N-1)

oL+l

Figure 2 shows the run length distributions for each poly-
nomial. The tests were conducted over two full periods of
each PRBS sequence. As observed, the run count decreases
exponentially with run length, corresponding to a near-linear
decline on a logarithmic scale, which indirectly confirms the
primitivity of the polynomials.

Run Length Distribution of PRBS Sequences
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Figure 2: Run length distribution of the PRBS polynomials. This figure
compares the run length statistics of different PRBS orders, showing
that higher-degree sequences exhibit longer maximum runs and a wider
distribution range.

All sequences maintained a near-perfect balance between
zeros and ones, and the maximum run lengths matched theo-
retical predictions. The slight decrease in the number of 1-run
near the maximum run length occurs because 1-run reaches
the same length as the polynomial's degree when sampling
runs, while relatively reducing the number of 1-run of degree
N-1. Overall, the simulated results satisfy theoretical expecta-
tions, and it can be confirmed that all nine polynomials can
generate PRBS sequences of maximum length in practical im-
plementations.

Frequency Test

The frequency test is used to verify whether a PRBS exhibits
randomness and whether 0 and 1 occur with equal probability
in each bit sequence.” §,, indicating a bias toward bit 1 or 0,
can be measured by summing over the entire binary sequence

B, and is expressed as:
n
Sn = Z Bk
k=1

For example, a non-zero positive value for §, means that 1s
are observed more often than Os in a binary sequence. With
§,, the randomness of a binary sequence can be verified using
a probabilistic concept called the p-wvalue. This represents the
probability that the currently observed result will occur, as-
suming that the null hypothesis is true."® Therefore, the closer
the p-wvalue is to 1, the more likely it is that the observed data
would be observed very commonly under the null hypothe-
sis, indicating a higher probability that the result occurred by
chance. P-value is given by:

p_value = erfc< 1S, )
B V2N

where N is the maximum degree of the given polynomial, the
erfc function is a complementary error function, which cal-
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culates the probability that a value from a standard normal
distribution will exceed a given threshold.” The Python math
library was used to calculate the complementary error function.
Table 2 shows the p-values obtained under two different con-
ditions. First, all PRBSs were simulated with the same number
of bits, and second, each PRBS was simulated with a full cycle.
Table 2: Frequency Test P-values for the PRBS Polynomials. This table
highlights that insufficient test length can lead to misleadingly low p-values
for long PRBS sequences. On the other hand, when performing a Frequency
Test using one period, a very distinct pattern appears in which the p-value

gradually increases as the PRBS order increases. This indicates that the random
characteristics converge to the ideal quickly as the PRBS order increases.

TestPeriod ~ PRBS7 PRBS9 PRBS11 PRBS13 PRBS15 PRBS19 PRBS23 PRBS27 PRBS31

10M bits 0.0 0.0 0.0 0.0 6.81e-41 0.909834 0.839661 09181876  0.6233868

O"fz,‘,’_ 913‘0‘1 0929291  0.964715  0.982366  0.991184  0.995592  0.998898  0.999724  0.999931  0.999992

As mentioned earlier, a p-value closer to 1 indicates higher
randomness. For lower degree PRBSs, the same pattern re-
peats across 10 million bits, resulting in a deterministic pattern,
which increases statistical deviation and results in a p-value of
0. This demonstrates that PRBSs are not completely random
but rather closer to deterministic patterns. In contrast, when
a single cycle is simulated without repetition, the p-values are
significantly higher because no recurring patterns are present
since higher degree PRBS can generate better randomized
patterns, so it shows a better p-value than lower degree PRBS.

Entropy Analysis:

To assess the uncertainty of a binary sequence, we analyzed
entropy. Entropy can measure the uncertainty of a random bi-
nary sequence.’ Shannon entropy (E) is widely used for the
binary sequence randomness and is given by:

E= _(Po X lon(Po)) - (P1 X loyz(pl))

where p0 and p1 are the ratios of 0 and 1 in the sequence,
to calculate Shannon entropy, we first calculate the Shannon
information for each possibility of each bit, p0 and p1, on
a logarithmic scale."* Then, the entropy can be obtained by
adding all the information for each bit as shown above. The
closer the Os and 1s occur with equal probability, the closer the
entropy value is to 1. Shannon entropy measures the overall
balance of the binary bit distribution but does not account for
the sequence’s periodicity or pattern repetitions.

Table 3: Shannon Entropy for the PRBS Polynomials. This table shows that
the Shannon entropy of all PRBS sequences is extremely close to 1, and it

increases with the PRBS order as longer periods provide more statistically
balanced bit distributions.

PRBS Entropy (<1.0)

PRBS7 0.9999552765354263

PRBS9 0.9999972375155557
PRBS11 0.9999998278491158
PRBS13 0.9999999892458553
PRBS15 0.9999999923594146
PRBS19 0.9999999985234149
PRBS23 0.9999999999752293
PRBS27 0.9999999999978499
PRBS31 0.9999999999991342

Table 3 shows the simulated entropy value for all PRBS se-
quences. Lower degree PRBS has shorter periods, which can
cause statistical bias and slightly lower entropy. Higher degree
PRBS maintain almost perfect balance within a single period,
producing entropy values very close to the theoretical maxi-
mum.

Autocorrelation and PSD Analysis:

Autocorrelation measures how much the sequence is cor-
related by comparing it to itself at different lags.”!¢ For PRBS
sequences, the autocorrelation is very low where lag is not zero
and shows a single sharp peak occurs at lag = 0, indicating
that the sequence behaves as a random signal without cor-
relation across different time instances, thereby showing good
randomness. Figure 3 shows the results of simulating four pe-
riods of PRBS7, PRBS11, PRBS15, and PRBS23, with the
autocorrelation values computed up to lag 500 and visualized
as plots. Here, the purpose was not numerical comparison but
to provide a simple graphical comparison of the autocorrela-
tion characteristics among PRBS sequences. The normalized
correlation values are 1 at lag = 0, and the y-axis was scaled to
visualize non-zero lag regions better.

PRBS7 Autocorrelation PRBS11 Autocorrelation

Autocorrelation

Autocorrelation

o 100 200 300 400 500 o 100 200 300 400 o0
Lag tag

PRBS15 Autocorrelation PRBS23 Autocorrelation

Autocorrelation

] 100 200 300 00 500 1 s %0 P P 0
tag ug

Figure 3: Autocorrelation plots for various PRBS orders. As the PRBS order
increases, the autocorrelation rapidly flattens for all non-zero lags, resulting
in an ideal response with a single peak at lag 0. This indicates improved
randomness and reduced periodic structure in higher-order sequences.

In Figure 3, PRBS7, having a short period of 127 bits, ex-
hibits periodic patterns when the same number of samples is
used. In contrast, PRBS23 has a much longer period and shows
much lower correlation and behaves more randomly. Using the
same sample length, shorter-period PRBS7 demonstrates pe-
riodic autocorrelation, while longer-period PRBS sequences
appear more random, clearly illustrating that higher-degree
PRBS provides a higher level of randomness.

To further analyze the statistical properties, the Power Spec-
tral Density (PSD) of PRBSs was also simulated. The PSD
represents the power distribution of a binary sequence, so truly
random binary sequences should distribute power uniformly
across all frequency bands, similar to white noise. However,
PRBSs are not perfectly random, and deviations from unifor-
mity occur. The following three metrics were used to analyze

how closely the PSD of the PRBS resembles white noise.
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PSD Average:

The PSD average is defined as the mean PSD value across
all frequency bins. For a PRBS sequence where Os and 1s
appear randomly, converting O to -1 should yield a PSD aver-
age approximately equal to 1. The PSD was computed using
Python’s Welch method.'” Denoting the normalized PSD ob-
tained from the Welch function as X(7), the PSD average can
be defined as follows, where N is the length of the measured
sequence.

n-1
1
PSD_avg = NZ X ()2
r=0

Table 4 shows that the PSD average for all PRBS sequences
is 1. It indicates that the mean power is constant at 1 when
binary values are mapped to +1.

Variance of PSD:

The variance of the PSD quantifies the fluctuations around
the mean. If the PSD average is 1 and the normalized PSD
values are X(7), the variance can be defined using the follow-
ing equation.

n-1 n-1
1 1
Variance = WZ(X(n) — PSD_avg)? = NZ(X(TL) -1)2
r=0 r=0

A higher variance indicates greater spectral fluctuations and
greater variability. As shown in Table 4, lower degree PRBS
sequences with shorter periods have higher variance because
the power is unevenly distributed across frequency. In contrast,
higher-degree PRBS sequences with longer periods, which
have characteristics closer to white noise, result in lower vari-
ance.

Flatness:
Flatness measures how uniform the PSD distribution is.
Defining the minimum and maximum PSD values as PSD,,,;,

and PSD,,,,, the flatness is calculated on a dB scale as follows.
- PSDyin
Flatness (dB) = 10 x lo‘gw(PSDmax)

Table 4: PSD average, Variance, and Flatness for the PRBSs. This table
clearly shows that as the PRBS order increases, the variance of the PSD
decreases monotonically, resulting in significantly improved spectral flatness.
PRBS31 exhibits the lowest PSD variance and the best flatness, indicating
that longer PRBS sequences approximate white-noise behavior more closely.

PRBS PSD Avg Variance Flatness (dB)
PRBS7 1.000 1.569e-02 -13.630
PRBS9 1.000 3.910e-03 -14.232

PRBS11 1.000 9.768e-04 -14.838
PRBS13 1.000 2.442e-04 -15.436
PRBS15 1.000 6.104e-05 -16.038
PRBS19 1.000 3.815e-06 -17.242
PRBS23 1.000 2.384e-07 -18.447
PRBS27 1.000 1.490e-08 -19.651
PRBS31 1.000 5.001e-09 -20.125

If the power is similar across all frequency bands, flatness
approaches 0 dB; otherwise, it takes a negative value. Table
4 demonstrates that flatness improves with increasing PRBS

degree, indicating that PRBS31 approximates ideal white noise
more closely than PRBS7.

BER and Jitter Analysis under AWGN:

In this study, a simple numerical model was employed to
emulate the signal transmission environment, and artificial
interference was applied to PRBS signals. The original and in-
terfered signals were then compared to measure and analyze

the AWGN signal-to-noise ratio (SNR) and bit error rate
(BER).™

BER vs Noise SNR for PRBS
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Figure 4: BER under AWGN SNR.This figure shows the BER performance
of various PRBS sequences under AWGN conditions. All PRBS lengths
exhibit nearly identical BER curves, indicating that sequence length does
not significantly affect. Small deviations appear at high SNR regions, but the
overall results confirm that BER performance is dominated by channel noise

rather than PRBS length.

As shown in Figure 4, although the BER degraded as
AWGN noise increases, all PRBSs show almost identical BER
performance regardless of their degree or pattern length. Prior
to the simulation, it was anticipated that sequences with min-
imized pattern repetition, such as PRBS31, would distribute
the noise impact more evenly. However, higher degree PRBS
sequences did not show any noticeable difference in BER
characteristics. These results confirm that BER performance
is largely dependent on the structure and characteristics of the
receiving system rather than the PRBS degree. Nevertheless,
higher degree PRBS sequences, with their longer periods and
more diverse patterns, are advantageous for testing various
characteristics of the receiver system.

Random Jitter (R]) refers to unpredictable variations in
the timing of signal transitions, which are generally caused
by thermal noise, interference, or other stochastic factors.!*
Measuring R]J allows for the evaluation of timing stabili-
ty in communication systems under noisy environments and
provides insight into how different PRBS (Pseudo-Random
Binary Sequence) patterns affect the robustness of timing ex-
traction. The jitter of PRBS was measured based on variations
in signal transition points. The rising edges of the reconstruct-
ed signal were detected, and the intervals between consecutive
edges were calculated. The standard deviation of these intervals
relative to the average bit period was defined as the R]J value.
Figure 5 shows the R] of PRBS sequences measured under
various AWGN SNR conditions. As the SNR decreases in
an AWGN environment, the RJ of all PRBS sequences tends
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to increase gradually. This is because noise makes the signal’s
zero crossings more ambiguous, thereby increasing the uncer-
tainty of timing detection. In particular, as the PRBS degree
increases, the magnitude of R] growth under the same SNR
conditions becomes more pronounced. This result is related
to the fact that higher degree PRBS sequences have longer
periods, and their frequency spectra become closer to white
noise. In other words, spectral components distributed uni-
formly across the frequency band interact with noise, making
the timing extraction process more sensitive and resulting in

greater RJ growth.

creases with PRBS degree due to the larger number of LESR
registers and feedback XOR gates, as shown in Table 5. Conse-
quently, higher degree PRBS sequences require more hardware
resources and may incur slightly longer synchronization times
in receiver systems, although bit-level computation speed per
cycle remains similar.

Table 5: Hardware cost for PRBSs. This table compares several PRBS
generators in terms of hardware cost and implementation complexity. Higher-
order PRBS sequences require more registers and XOR gates, which increases

hardware overhead and checker complexity. However, the computation speed
remains similar across all PRBS types.

Checker Computation

PRBS Registers XOR gates Hardware Cost

w

1e12 Random Jitter under AWGN SNR Complexity Speed
PRBS7 7 1 100% Low
PRBS9 9 1 122% Low
PRBS11 1 1 157% Low
PRBS13 13 3 189% Medium
PRBS15 15 1 214% Medium Similar
PRBS19 19 3 271% Medium
PRBS23 23 1 328% High
PRBS27 I8 27 3 385% High
PRBS31 31 1 442% High

RJ(RMS) (ps)
~

3 2 20 15 10 5 0
AWGN SNR (dB)

Figure 5: Random Jitter under AWGN SNR. This figure illustrates the
RMS random jitter measured for several PRBS sequences as a function of
AWGN SNR. Shorter sequences such as PRBS7 exhibit significantly higher
jitter, especially in moderate-to-low SNR regions, due to their poorer spectral
flatness. In contrast, longer sequences exhibit more noise-like spectra and
therefore show a more gradual and stable R] increase.

In contrast, PRBS7 exhibited distinctly different behavior
from other PRBS sequences. Since PRBS7 has a short peri-
od, it produces prominent tonal components in the frequency
domain. Such periodic spectral structures are interpreted to
interact with AWGN and abnormally amplify the instabili-
ty of timing extraction. As a result, PRBS7 does not follow
the general gradual increase pattern of RJ but instead shows
excessive amplification. On the other hand, longer-period se-
quences such as PRBS23 and PRBS31 have spectra closer to
white noise, thereby exhibiting a more gradual increase in jitter
under similar conditions. In addition, when SNR decreases, R]
initially increases gradually, but at very low SNR levels, it is
observed to decrease. This is because, at moderate SNRs, noise
blurs the signal zero crossings and increases timing uncertain-
ty. In contrast, at extremely low SNRs, the signal is almost
completely buried in noise, and timing information is lost. In
this case, the observed RJ is governed more by random noise
than by meaningful signal characteristics, resulting in satura-
tion or even reduction. Therefore, the degree and period of
PRBS sequences influence RJ characteristics, and it can be
concluded that short-period sequences, such as PRBS7, ex-
hibit disadvantageous properties in terms of timing extraction
stability under noisy conditions.

Hardware cost:
While PRBS generation speed remains largely independent

of sequence degree, the complexity of the checker logic in-

The proposed design was evaluated using Python-based
simulations. While hardware implementation using FPGA
platforms and hardware description languages such as Verilog
or VHDL was beyond the scope of this study, such an im-
plementation could enable direct measurement of real-world
performance metrics, including power consumption, logic
utilization, and timing characteristics, and is considered an
important direction for future work.

B Results and Discussion

This study systematically analyzed PRBS sequences with
respect to sequence degree, statistical properties, and hard-
ware implementation cost. From a statistical perspective,
the run length distribution tests confirmed that all select-
ed PRBS sequences closely follow the expected patterns of
maximum-length sequences and maintain an almost perfect
balance between Os and 1s. Frequency simulation showed that
a higher degree of PRBS shows particularly good balance and
randomness within a single sequence cycle, findings further
supported by entropy analysis. So, higher degree PRBS shows
the theoretical maximum entropy; however, lower degree
PRBS shows slightly lower entropy due to shorter periods.
PSD analysis revealed that long PRBS sequences distribute
energy more evenly across frequencies, with lower variance and
improved spectral flatness. In contrast, short sequences such as
PRBS7 show pronounced periodic spectral components. The
simulation results indicate that a higher degree of PRBS pro-
vides pseudo-random characteristics close to ideal white noise.

All PRBS sequences were generated using LFSRs with pre-
defined primitive polynomials and non-zero initial seeds. For
each PRBS degree, maximum-length sequences were gener-
ated and evaluated under identical simulation conditions to
ensure fair comparison across different orders. Jitter and BER
measurements were obtained through repeated simulations
under controlled AWGN levels to ensure statistical consisten-
cy and reproducibility.

In an AWGN environment, BER measurements indicated
that error rates were largely unaffected by the PRBS degree.
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Their BER is primarily determined by channel conditions and
receiver architecture rather than the choice of test pattern.

Jitter measurements revealed that, excluding PRBS7, se-
quences generally exhibited a gradual increase in RJ as the
SNR decreased, with higher degree PRBS sequences show-
ing a larger increase compared to lower degree sequences. In
contrast, PRBS7 shows poor jitter performance due to a very
short period and repeatability. This interacted with AWGN,
resulting in an abnormal amplification of timing instability.
For longer-period sequences such as PRBS23 and PRBS31, no
significant differences in jitter were observed among different
PRBS degrees. This suggests that when the sequence period is
sufficiently long, the effect of noise on jitter becomes largely
independent of the sequence degree.

From a hardware perspective, PRBS generation requires only
a single feedback operation per clock cycle, so generation speed
is independent of sequence length. However, implementation
complexity increases with sequence degree. Implementation for
higher degree PRBS requires more registers and XOR gates,
which can increase the logic area and power consumption.
Based on the analysis, lower-degree PRBSs can provide a rea-
sonable balance between randomness and hardware efficiency.
Higher-degree PRBSs are particularly useful for evaluating
receiver performance and jitter tolerance, but their implemen-
tation costs are high.

Ultimately, the optimal PRBS degree should be select-
ed based on the design objectives. Low-degree PRBSs are
sufficient for rapid validation and low complexity testing.
High-degree PRBSs are preferred for system-level verification
when timing stability and signal quality are of concern, due
to their superior statistical properties and white-noise-like be-
havior.

B Conclusion

This study presented a comparative analysis of various kinds
of PRBS sequences ranging from PRBS7 to PRBS31, sim-
ulating statistical properties and noise robustness, and also
analyzing hardware implementation requirements. Run length,
frequency, entropy, autocorrelation, and PSD analyses demon-
strated that higher degree PRBS closely approximate ideal
white noise, while lower degree sequences show predictable
periodic features. BER measurements under AWGN con-
firmed that bit error performance was largely independent of
PRBS degree. Furthermore, jitter analysis results showed that
noise-induced jitter increased with increasing PRBS degree.
However, for very short sequences, such as PRBS7, noise-in-
duced jitter characteristics were significantly worse due to
the periodic spectral components. Hardware analysis showed
that implementation complexity increases with sequence de-
gree, although computation speed remains unaffected. By
systematically evaluating these factors, low-degree PRBSs are
found to be suitable for efficient testing and low complexity
validation, and high-degree PRBSs are found to be suitable
for system-level verification where statistical randomness and
receiver performance assessment are important. This study
provides objective criteria for selecting appropriate PRBS se-

quences based on design priorities. So, a balanced tradeoft can
be achieved between statistical quality, timing robustness, and
implementation cost.
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