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1
SELECTIVE REDACTION OF PERSONALLY
IDENTIFIABLE INFORMATION IN
GENERATIVE ARTIFICIAL INTELLIGENCE
MODEL OUTPUTS

TECHNICAL FIELD

The subject matter described herein relates to techniques
for detecting personally identifiable information (PII) within
outputs of generative artificial intelligence models and for
selectively redacting such PII.

BACKGROUND

Machine learning (ML) algorithms and models, such as
large language models, are trained on large amounts of data
to make predictions based on subsequently input data. In
some cases, these models are trained on data sets which
include personally identifiable information (PII) which is
subject to various disclosure and usage restrictions. In
addition, these models have attack surfaces that can be
vulnerable to cyberattacks in which adversaries attempt to
manipulate or modify model behavior. These cyberattacks
can act to corrupt input data so as to make outputs unreliable
or incorrect. By modifying or otherwise manipulating the
input of a model, an attacker can modify an output of an
application or process for malicious purposes including
bypassing security measures resulting in PII data leakage or
unauthorized system access.

SUMMARY

In a first aspect, an output of a generative artificial
intelligence (GenAl) model is received which is responsive
to a prompt by a requestor. The output is tokenized to result
in a plurality of tokens. These tokens are then used to
determine that the output includes at least one string com-
prising personally identifiable information (PII). This deter-
mined can use pattern recognition to identify tokens and
sequence of tokens indicative of PII. Thereafter, a classifier
(e.g., a specially trained and configured machine learning
model, etc.) is used to assign a PII type to each string in the
output comprising PII. It is then determined that at least one
of'the PII types in the output requires redaction which results
in strings having a PII type determined to require redaction
to be redacted which, in turn, results in a modified output.
The modified output can be caused to be transmitted to the
requester.

The determination that least one of the PII types in the
output requires redaction can be based on a policy associated
with the requestor. The policy can be unique to the requestor
and be one of a plurality of different available policies. The
policy can be one of a plurality of different available policies
and be based on a class of users which includes the
requestor.

In some variations, it can be determined that at least one
of the PII types in the output does not requires redaction
such that strings corresponding to the PII types not requiring
redaction are not modified as part of the modified output.

The GenAl model can comprise a large language model
(e.g., a transformer model trained on vast text data, etc.).

In an interrelated aspect, a prompt is received from a
requestor for ingestion by an artificial intelligence (Al)
model. Thereafter, it is determined whether prompt com-
prises personally identifiable information (PII). The prompt
is blocked for ingestion by the Al model if it is determined
that the prompt comprises PII. An output of the Al model
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2

responsive to the prompt is received if it is determined that
the prompt does not comprise PII. It is then determined
whether the output comprises PII. The output is allowed to
be transmitted to the requestor if it is determined that the
output does not comprise PII. Otherwise, the output is
selectively redacted before transmission to the requestor
based on a policy associated the requestor. The policy can
specify levels or types of PII that require redaction for the
requestor.

Non-transitory computer program products (i.e., physi-
cally embodied computer program products) are also
described that comprise instructions, which when executed
by one or more data processors of one or more computing
systems, cause at least one data processor to perform opera-
tions herein. Similarly, computer systems are also described
that may include one or more data processors and memory
coupled to the one or more data processors. The memory
may temporarily or permanently store instructions that cause
at least one processor to perform one or more of the
operations described herein. In addition, methods can be
implemented by one or more data processors either within a
single computing system or distributed among two or more
computing systems. Such computing systems can be con-
nected and can exchange data and/or commands or other
instructions or the like via one or more connections, includ-
ing but not limited to a connection over a network (e.g., the
Internet, a wireless wide area network, a local area network,
a wide area network, a wired network, or the like), via a
direct connection between one or more of the multiple
computing systems, etc.

The subject matter described herein provides many tech-
nical advantages. For example, the current subject matter
can be used to identify and stop attempts to solicit PII from
artificial intelligence models including large language mod-
els. Further, the current subject matter can provide enhanced
visibility into the health and security of an enterprise’s
machine learning assets. Still further, the current subject
matter can be used to detect, alert, and take responsive action
when PII is solicited or forms part of a model output.

The details of one or more variations of the subject matter
described herein are set forth in the accompanying drawings
and the description below. Other features and advantages of
the subject matter described herein will be apparent from the
description and drawings, and from the claims.

DESCRIPTION OF DRAWINGS

FIG. 1 is a system diagram illustrating a security platform
for machine learning model architectures having a monitor-
ing environment including an analysis engine and remedia-
tion engine;

FIG. 2 is a system diagram illustrating a security platform
for machine learning model architectures having a monitor-
ing environment including an analysis engine which inter-
faces with external remediation resources;

FIG. 3 is a system diagram illustrating a security platform
for machine learning model architectures having a model
environment having a local analysis engine and a monitoring
environment including an analysis engine and a remediation
engine;

FIG. 4 is a system diagram illustrating a security platform
for machine learning model architectures having a model
environment having a local analysis engine and a local
remediation engine and a monitoring environment including
an analysis engine and a remediation engine;

FIG. 5 is a system diagram illustrating a security platform
for machine learning model architectures having a model
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environment having a local analysis engine and a local
remediation engine and a monitoring environment including
an analysis engine;

FIG. 6 is a system diagram illustrating a security platform
for machine learning model architectures having a model
environment having a local analysis engine and a local
remediation engine and a monitoring environment including
a remediation engine;

FIG. 7 is a system diagram illustrating a security platform
for machine learning model architectures having a model
environment having a local analysis engine and a local
remediation engine and a monitoring environment including
an analysis engine which interfaces with external remedia-
tion resources;

FIG. 8 is a system diagram illustrating a security platform
for machine learning model architectures having a model
environment having a local analysis engine and a monitoring
environment including an analysis engine which interfaces
with external remediation resources;

FIG. 9 is a system diagram illustrating a security platform
for machine learning model architectures having a model
environment including a local analysis engine and remedia-
tion engine;

FIG. 10 is a system diagram illustrating a security plat-
form for machine learning model architectures having a
model environment including a local analysis engine which
interfaces with external remediation resources.

FIG. 11 is a process flow diagram illustrating monitoring
of prompts and outputs of a machine learning architecture
for PII and/or malicious content; and

FIG. 12 is a process flow diagram illustrating the selective
redaction of PII in outputs of a machine learning architec-
ture.

Like reference symbols in the various drawings indicate
like elements.

DETAILED DESCRIPTION

The current subject matter is directed to advanced tech-
niques for identifying and preventing the disclosure of PII
by advanced artificial intelligence (Al) models including
GenAl models such as large language models. These tech-
niques analyze the inputs and/or outputs of the GenAl
models to determine whether they indicate that there is an
attempt for the GenAl model to behave in an undesired
manner, and in particular, to disclose PII. In some imple-
mentations, PII can be selectively redacted from outputs
based on the types of PII within the outputs and a policy
associated with a requestor.

FIG. 1 is a diagram 100 in which each of a plurality of
client devices 110 (e.g., an endpoint computing device, a
server, etc.) can query, over one or more networks, a
machine learning model architecture (MLA) 130 forming
part of a model environment 140. These queries can include
or otherwise characterize various information including
prompts (i.e., alphanumeric strings) or other text files. The
model environment 140 can include one or more servers and
data stores to execute the MILA 130 and process and respond
to queries from the client devices 110. The MLA 130 can
comprise or otherwise execute one or more GenAl models
utilizing one or more of natural language processing, com-
puter vision, and machine learning. Intermediate the MLLA
130 and the client devices 110 is a proxy 150 which can
analyze, intercept and/or modify inputs and/or outputs of the
MLA 130.

The proxy 150 can communicate, over one or more
networks, with a monitoring environment 160. The moni-
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4

toring environment 160 can include one or more servers and
data stores to execute an analysis engine 170. The analysis
engine 170 can execute one or more of the algorithms/
models described below with regard to the protection of the
MLA 130.

The proxy 150 can, in some variations, relay received
queries to the monitoring environment 160 prior to ingestion
by the MLA 130. The proxy 150 can also or alternatively
relay information which characterizes the received queries
(e.g., excerpts, extracted features, metadata, etc.) to the
monitoring environment 160 prior to ingestion by the MLLA
130.

The analysis engine 170 can analyze the relayed queries
and/or information in order to make an assessment or other
determination as to whether the queries are indicative of
being malicious and/or whether the queries comprise or
elicit PII from the MLA 130. In some cases, a remediation
engine 180 which can form part of the monitoring environ-
ment 160 (or be external such as illustrated in FIG. 2) can
take one or more remediation actions in response to a
determination of a query as being malicious and/or as
comprising or eliciting PII. These remediation actions can
take various forms including transmitting data to the proxy
150 which causes the query to be blocked before ingestion
by the ML A 130. In some cases, the remediation engine 180
can cause data to be transmitted to the proxy 150 which
causes the query to be modified in order to be non-malicious,
to remove PII, and the like. Such queries, after modification,
can be ingested by the MLLA 130 and the output provided to
the requesting client device 110. In some variations, the
output of the MLA 130 (after query modification) can be
subject to further analysis by the analysis engine 170.

The proxy 150 can, in some variations, relay outputs of
the MLA to the monitoring environment 160 prior to trans-
mission to the respective client device 110. The proxy 150
can also or alternatively relay information which character-
izes the outputs (e.g., excerpts, extracted features, metadata,
etc.) to the monitoring environment 160 prior to transmis-
sion to the respective client device 110.

The analysis engine 170 can analyze the relayed outputs
and/or information from the MLA 130 in order to make an
assessment or other determination as to whether the queries
are indicative of being malicious (based on the output alone
or based on combination of the input and the output) and/or
comprise PII. In some cases, the remediation engine 180
can, similar to the actions when the query analysis above,
take one or more remediation actions in response to a
determination of an output as resulting in undesired behavior
by the MLA 130 (e.g., output is malicious and/or as com-
prises PII). These remediation actions can take various
forms including transmitting data to the proxy 150 which
causes the output of the MLA 130 to be blocked prior to
transmission to the requesting client device 110. In some
cases, the remediation engine 180 can cause data to be
transmitted to the proxy 150 which causes the output for
transmission to the requesting client device 110 to be
modified in order to be non-malicious, to remove PII, and
the like.

FIG. 2 is a diagram 200 in which each of a plurality of
client devices 110 (e.g., an endpoint computing device, a
server, etc.) can query, over one or more networks, a
machine learning model architecture (MLA) 130 forming
part of a model environment 140. These queries can include
or otherwise characterize various information including
prompts (i.e., alphanumeric strings) or other text files. The
model environment 140 can include one or more servers and
data stores to execute the MILA 130 and process and respond
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to queries from the client devices 110. The MLA 130 can
comprise or otherwise execute one or more GenAl models
utilizing one or more of natural language processing, com-
puter vision, and machine learning. Intermediate the MLLA
130 and the client devices 110 is a proxy 150 which can
analyze, intercept and/or modify inputs and/or outputs of the
MLA 130.

FIG. 2 is a system diagram 200 illustrating a security
platform for machine learning model architectures having a
configuration in which the monitoring environment 160
includes an analysis engine 170 which interfaces with exter-
nal remediation resources 190. In this variation, the moni-
toring environment 160 does not include a remediation
engine 180 but rather communicates, via one or more
networks, with external remediation resources 190. The
external remediation resources 190 can be computing
devices or processes which result in actions such as blocking
future requests at the network or user level and/or initiating
a remediation action which closes off the impacted system
until the malicious action or undesired behavior (e.g., dis-
closure of PII, etc.) which was output is considered ineffec-
tive.

FIG. 3 is a system diagram 300 illustrating a security
platform for machine learning model architectures having a
configuration in which the model environment 140 includes
a local analysis engine 152 and the monitoring environment
160 includes both an analysis engine 170 and a remediation
engine 180. In some cases, one or more of the analysis
engine 152 and the remediation engine 180 can be encap-
sulated or otherwise within the proxy 150. In this arrange-
ment, the local analysis engine 152 can analyze inputs
and/or outputs of the MLLA 130 in order to determine, for
example, whether to pass on such inputs and/or outputs to
the monitoring environment 160 for further analysis. For
example, the local analysis engine 152 can provide a more
computationally efficient local screening of inputs and/or
outputs using various techniques as provided herein and
optionally, using more lightweight models. If the analysis
engine 152 determines that an input or output of the MLA
requires further analysis, the input or output (or features
characterizing same) are passed to the monitoring environ-
ment 160 which can, for example, execute more computa-
tionally expensive models (e.g., an ensemble of models,
etc.) using the analysis engine 170.

FIG. 4 is a system diagram 400 illustrating a security
platform for machine learning model architectures having a
configuration in which the model environment includes both
a local analysis engine 152 and a local remediation engine
154. The monitoring environment 160, in this variation, can
include an analysis engine 170 and a remediation engine
180. In this arrangement, the local analysis engine 152 can
analyze inputs and/or outputs of the MLLA 130 in order to
determine, for example, whether to pass on such inputs
and/or outputs to local remediation engine 154 to take an
affirmative remedial action such as blocking or modifying
such inputs or outputs. In some cases, the local analysis
engine 152 can make a determination to bypass the local
remediation engine 154 and send data characterizing an
input or output of the MLLA 130 to the monitoring environ-
ment 160 for further actions (e.g., analysis and/or remedia-
tion, etc.). The local remediation engine 154 can, for
example, handle simpler (i.e., less computationally expen-
sive) actions while, in some cases, the remediation engine
180 forming part of the monitoring environment 160 can
handle more complex (i.e., more computationally expen-
sive) actions.
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FIG. 5 is a system diagram 500 illustrating a security
platform for machine learning model architectures in which
the model environment 140 includes a local analysis engine
152 and a local remediation engine 154 and the monitoring
environment 160 includes an analysis engine 170 (but does
not include a remediation engine). With such an arrange-
ment, any remediation activities occur within or are trig-
gered by the local remediation engine 154 in the model
environment 140. These activities can be initiated by the
local analysis engine 152 and/or the analysis engine 170
forming part of the monitoring environment. In the latter
scenario, a determination by the analysis engine 170 results
in data (e.g., instructions, scores, etc.) being sent to the
model environment 140 which results in remediation
actions.

FIG. 6 is a system diagram 600 illustrating a security
platform 600 for machine learning model architectures in
which the model environment 140 includes a local analysis
engine 152 and a local remediation engine 154 and the
monitoring environment 160 includes a remediation engine
180 (but not an analysis engine). With this arrangement,
analysis of inputs or outputs is performed in the model
environment by the local analysis engine 152. In some cases,
remediation can be initiated or otherwise triggered by the
local remediation engine 154 while, in other scenarios, the
model environment 140 sends data (e.g., instructions,
scores, etc.) to the monitoring environment 160 so that the
remediation engine 180 can initiate one or more remedial
actions.

FIG. 7 is a system diagram 700 illustrating a security
platform for machine learning model architectures in which
the model environment 140 has a local analysis engine 152
and a local remediation engine 154 while the monitoring
environment 160 includes an analysis engine 170 which
interfaces with external remediation resources 190. With this
arrangement, remediation can be initiated or otherwise trig-
gered by the local remediation engine 154 and/or the exter-
nal remediation resources 190. With the latter scenario, the
monitoring environment 160 can send data (e.g., instruc-
tions, scores, etc.) to the external remediation resources 190
which can initiate or trigger the remediation actions.

FIG. 8 is a system diagram 800 illustrating a security
platform for machine learning model architectures in which
the model environment 140 includes a local analysis engine
152 and the monitoring environment 160 includes an analy-
sis engine 170 (but does not include a remediation engine).
In this arrangement, analysis can be conducted in the moni-
toring environment 160 and/or the model environment 140
by the respective analysis engines 152, 170 with remediation
actions being triggered or initiated by the external remedia-
tion resources 190.

FIG. 9 is a system diagram 900 illustrating a security
platform for machine learning model architectures having a
model environment 140 including a local analysis engine
152 and a local remediation engine 154. In this arrangement,
the analysis and remediation actions are taken wholly within
the model environment (as opposed to a cloud-based
approach involving the monitoring environment 160 as
provided in other variations).

FIG. 10 is a system diagram illustrating a security plat-
form for machine learning model architectures having a
model environment 140 including a local analysis engine
152 which interfaces with external remediation resources
190. In this variation, the analysis of inputs/prompts is
conducted local within the model environment 140. Actions
requiring remediation are then initiated or otherwise trig-
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gered by external remediation resources 190 (which may be
outside of the monitoring environment 160) such as those
described above.

One or both of the analysis engines 152, 170 can analyze
the prompts to determine whether the prompt contains or
elicits II from the ML A 130. Similarly, one or both of the
analysis engines 152, 170 can analyze outputs of the MLA
130 to determine whether comprise PII. In some cases, the
analysis engines 152, 170 can locally execute pattern rec-
ognition algorithms to identify whether there are any entities
in the prompt and/or output which are indicative of PII. The
pattern recognition algorithms can be, for example, Luhn
algorithms to identify credit card numbers, NPIs, various
national ID numbers; regular expressions to identify social
security and telephone numbers, email addresses, etc.; and
machine learning models trained and configured to recog-
nize entities such as residential addresses, etc. In some
variations, one or more of the analysis engines 152, 170 can
interact with a remote service which can conduct the pattern
recognition algorithms. If PII is found or elicited in a
prompt, the prompt can be deleted, modified (e.g., redacted,
etc.), or otherwise flagged for further analysis. If PII is found
within an output, the prompt can be deleted, modified (e.g.,
redacted, etc.) or otherwise flagged for further analysis. Data
characterizing the determination (e.g., whether or not PII is
implicated by the prompt and/or output, etc.) can be pro-
vided to a consuming application or process (which can take
remediation actions if triggered).

In some variations, the PII entity analysis above can be
used in connection with a blocklist which conducts a further
analysis on the prompt and/or output to characterize whether
such prompt and/or output are causing the MLA 130 to
behave in an undesired manner (e.g., allow unauthorized
access, disclose PII or other sensitive information, etc.).
Such a blocklist can leverage historical prompts that are
known to be malicious (e.g., used for prompt injection
attacks, etc.) and/or, in some variations, leverage prompts
known to include PII. The goal of a prompt injection attack
would be to cause the MLLA 130 to ignore previous instruc-
tions (i.e., instructions predefined by the owner or developer
of the MLLA 130, etc.) or perform unintended actions based
on one or more specifically crafted prompts. The historical
prompts can be from, for example, an internal corpus and/or
from sources such as an open source malicious prompt list
in which the listed prompts have been confirmed as being
harmful prompt injection prompts. Similarly, if PII is being
analyzed, the blocklist can be generated from historical
prompts known to contain PII such as financial or personally
identification information.

The current subject matter can be used to identify and, in
some cases, take remedial actions from prompts or other
inputs which are indicative of an attack (e.g., an attempt to
obtain PII or otherwise manipulate an output of the MLA
130). Example attacks include: direct task deflection, a
special case attack, a context continuation attack, a context
termination attack, a syntactic transformation attack, an
encryption attack, a text redirection attack and the like. A
direct task deflection attack can include, for example,
assigning the MLLA 130 a persona unrelated to its original
purpose and directing it to do something is not intentionally
intended to do. A special case attack can include attempts to
obfuscate malicious prompts by injecting special case char-
acters randomly or methodically, to confuse the MLLA 130 to
output a malicious response. A context continuation attack
can include providing the ML A 130 with a single prompt or
multiple prompts which follow some permutation of a
pattern like: benign prompt, malicious prompt, benign
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prompt, continuation of malicious prompt and which, in
combination, can trigger a malicious output. A context
termination attack can include provoking a malicious
response from the MLA 130 by providing a context and
requesting the MLLA 130 to essentially “fill in the blanks”. A
syntactic transformation attack can include manipulation of
the syntax or structure of an input to trigger or otherwise
stimulate a malicious response. An encryption attack can
include encrypting the prompt and tasking the MLLA 130 to
decrypt the prompt specitying the encryption method. A text
redirection attack can include manipulating or redirecting
the flow of text-based communications between users or
systems.

The blocklist can be derived from data sources based on
the desired functionality (e.g., malicious content, PII, etc.).
With regard to attacks, as an example, the blocklist can be
derived by running a natural language processing (NLP)
analysis on a corpus of prompts. The blocklist, once gener-
ated, can be used to prevent or flags prompts using strings
or tokens that have been identified as having the highest
frequency of usage in the malicious prompt corpus. Simi-
larly, with regard to the protection of PII, the blocklist can
be derived by running an NLP analysis using a corpus of
prompts that are known to include PII.

One or both of the analysis engines 152, 170 can utilize
at least one blocklist (such as those described above) when
making the determination of whether the output of the MLLA
130 contains information indicative of a malicious attack
and/or contains PII. This blocklist can leverage historical
outputs of the MLA 130 or simulated outputs that are
indicative of being part of a malicious attack (e.g., used for
prompt injection attacks, etc.) and/or, in some variations,
leverage historical outputs of the MLLA 130 or simulated
outputs that are known to include PII. Monitoring the
outputs of the MLLA 130 can also help thwart attacks such as
a prompt injection attack in cases in which the correspond-
ing prompts were not blocked, modified or otherwise flag.
The outputs can be from, for example, an internal corpus
and/or from sources such as an open source corpus of
malicious model outputs (e.g., GenAl model outputs in
particular). Similarly, if PII is being analyzed, the blocklist
can be generated from outputs known to contain PII such as
financial or personally identification information.

FIG. 11 is a diagram 1100 illustrating processes for
analyzing both prompts and outputs. Initially, a prompt 1105
is received (e.g., intercepted, accessed, etc.) from a requestor
which then triggers a prompt PII analysis 1110. The PII
analysis 1110 can use various techniques to determine
whether the prompt comprises or elicits PII including pattern
recognition and the like. If the PII analysis 1110 determines
that the prompt comprises or elicits PII then various reme-
diation actions can be undertaken such as the prompt being
modified (e.g., redacted, truncated, strings are replaced, etc.)
1120 or the prompt being deleted 1125. In some cases, the
PII analysis 1110 can assign thresholds regarding PII content
within the prompt to trigger either the prompt modification
1120 or deletion of the prompt 1125. For example, a single
reference to PII or a single PII entity might trigger a
modification, while multiple references might trigger dele-
tion. In addition to the PII analysis 1110, a prompt injection
attack analysis 1115 can analyze the prompt to determine
whether the prompt comprises or elicits some sort of prompt
injection attack. The prompt injection attack analysis 1115,
while pictured as being in sequence after the PII analysis
1110, can occur in parallel or prior to the PII analysis 1110
depending on the desired configuration. The prompt injec-
tion attack analysis 1115 can also cause remediations actions
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such a prompt modification 1120 or prompt detection 1125.
Various rules can be executed to determine which of these
two particular actions are undertaken if at all.

Depending on the workflow, the original prompt 1105 or
the modified prompt 1120 is then ingested by the model 1130
(e.g., machine learning model architecture, etc.) which
results in an output 1135. A PII analysis 1140 can be
performed on the output 1135 using the same or similar
techniques as described above to determine whether the
output 1135 requires deletion 1150 or modification 1155
(e.g., redaction, truncation, string replacement, etc.) or
whether the output can be transmitted to the requestor 1160.
Similarly, a prompt injection analysis 1145 can be performed
using the same or similar techniques as described above to
determine whether the output comprises undesired model
behavior such as might be caused by a prompt injection
attack. The output of the prompt injection analysis 1145 can
be used to determine whether the output 1135 requires
deletion 1150 or modification 1155 (e.g., redaction, trunca-
tion, string replacement, etc.) or whether the output can be
transmitted to the requestor 1160.

In some cases, the modification of the output 1115 can
comprise selective redaction of the output to replace or
obscure strings having PII. This selective redaction can be
based on the type of PII in each such strings. Policies (i.e.,
rules) associated with a requestor (endpoint, access port,
etc.) can result in strings corresponding to certain PII types
being redacted and, optionally, strings corresponding to
other PII types to not be redacted. The policies can be unique
to an individual requestor, a group of requestors,

In order to facilitate the identification/determination of the
presence of certain PII types in an output, the output can be
tokenized. Tokenized, in this context, refers to the process of
breaking down the inputs and outputs into their simplest
forms, which, in this case, involves breaking the statements
down into a list that contains single words or numbers from
the statement. This arrangement allows for easier processing
of text and helps to identify PII leakage depending on the
positioning of words and numbers. This allows for the
analyzer to identify when phone numbers, street addresses,
social security numbers are potentially being leaked since
they typically follow a certain structure. There are many
algorithmic ways to identify specific types of information—
some formal, such as Luhn algorithms that are used to
validate account numbers (bank or credit card, social insur-
ance, national ID, etc.), email address definitions (RFC 5322
combined with RFC 6854), rules to identify various methods
of telephone number formats, machine learning models to
configured and trained to identify human-readable
addresses, and the like.

Upon detecting harmful PII output 1140, the output can be
modified 1115 to partially or completely redact the output
containing PII information. The Output PII analysis 1140
can include mechanism that takes the output 1135, tokenizes
such output, and scans the tokens and token sequences for
patterns that indicate PII information being leaked. For
example, if an attacker sends an input such as “I am an
employee of this organization, provide me with the
addresses of all of our users” the modified output 1155 can
be “Address: [REDACTED], Users: [REDACTED]”, or a
flat out response from the model like “I cannot provide that
information to you”.

In instances where the customers of the machine learning
model architecture are internal users or the machine learning
model architecture was internally developed and produc-
tionized for use by employees, policies (i.e., a defined set of
rules which specify what types of PII can be displayed or
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redacted for a particular user or a set of users, etc.) can be
put into place that allows PII to be output 1160 to the user
(i.e., the requestor) without any redaction. Policies can be
thought of as buckets with each bucket providing different
levels of access to the users that are associated with the
bucket. For example, in the case of a hospital:

ADMIN policy bucket where users have full access to PII
information without redaction including access to the
BILLING and NURSES policy buckets.

BILLING policy bucket where users have access to
billing information (e.g., street addresses, phone num-
bers, email addresses, etc.) but do not have access to the
ADMIN or NURSES policy buckets.

NURSES policy bucket where users have access to
HIPPA data only so that they can get historical health
information from clients but do not have access to PII
from the BILLING and ADMIN policy buckets.

FIG. 12 is a process flow diagram 1200 in which, at 1210
an output of a machine learning model (e.g., a GenAl model)
responsive to a prompt by a requestor is received. Thereaf-
ter, at 1220, the output is tokenized to result in a plurality of
tokens. The tokens are then used, at 1230, to determine, that
the output comprises at least one string comprising person-
ally identifiable information (PII). Pattern recognition can be
used to identify tokens and sequence of tokens indicative of
PII. A classifier (e.g., a different machine learning model
trained and configured with relevant training data to assign
PII types, etc.) is used, at 1240, to assign a PII type to each
string comprising PII. A determination is then made, at 1250,
that at least one of the PII types in the output requires
redaction which results in, at 1260, the strings having a PII
type determined to require redaction are redacted to result in
a modified output. The modified output is, at 1270, trans-
mitted or caused to be transmitted to the requestor. Various
of the operations can be executed by an analysis engine as
described above or distributed across different modules,
processes, or services.

Various implementations of the subject matter described
herein may be realized in digital electronic circuitry, inte-
grated circuitry, specially designed ASICs (application spe-
cific integrated circuits), computer hardware, firmware, soft-
ware, and/or combinations thereof. These various
implementations may include implementation in one or
more computer programs that are executable and/or inter-
pretable on a programmable system including at least one
programmable processor (e.g., CPU, GPU, etc.), which may
be special or general purpose, coupled to receive data and
instructions from, and to transmit data and instructions to, a
storage system, at least one input device, and at least one
output device.

These computer programs (also known as programs,
software, software applications or code) include machine
instructions for a programmable processor, and may be
implemented in a high-level procedural and/or object-ori-
ented programming language, and/or in assembly/machine
language. As used herein, the term “machine-readable
medium” refers to any computer program product, apparatus
and/or device (e.g., magnetic discs, optical disks, memory,
Programmable Logic Devices (PLDs)) used to provide
machine instructions and/or data to a programmable proces-
sor, including a machine-readable medium that receives
machine instructions as a machine-readable signal. The term
“machine-readable signal” refers to any signal used to
provide machine instructions and/or data to a programmable
processor.

To provide for interaction with a user, the subject matter
described herein may be implemented on a computing
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device having a display device (e.g., a LED or LCD (liquid
crystal display) monitor) for displaying information to the
user and a keyboard and an input device (e.g., mouse,
trackball, touchpad, touchscreen, etc.) by which the user
may provide input to the computing device. Other kinds of
devices may be used to provide for interaction with a user as
well; for example, feedback provided to the user may be any
form of sensory feedback (e.g., visual feedback, auditory
feedback, or tactile feedback); and input from the user may
be received in any form, including acoustic, speech, or
tactile input.

The subject matter described herein may be implemented
in a computing system that includes a back-end component
(e.g., as a data server), or that includes a middleware
component (e.g., an application server), or that includes a
front-end component (e.g., a client computer having a
graphical user interface or a Web browser through which a
user may interact with an implementation of the subject
matter described herein), or any combination of such back-
end, middleware, or front-end components. The components
of'the system may be interconnected by any form or medium
of digital data communication (e.g., a communication net-
work). Examples of communication networks include a
local area network (“LAN”), a wide area network (“WAN™),
and the Internet.

The computing system may include clients and servers. A
client and server are generally remote from each other and
typically interact through a communication network. The
relationship of client and server arises by virtue of computer
programs running on the respective computers and having a
client-server relationship to each other.

In the descriptions above and in the claims, phrases such
as “at least one of” or “one or more of”” may occur followed
by a conjunctive list of elements or features. The term
“and/or” may also occur in a list of two or more elements or
features. Unless otherwise implicitly or explicitly contra-
dicted by the context in which it is used, such a phrase is
intended to mean any of the listed elements or features
individually or any of the recited elements or features in
combination with any of the other recited elements or
features. For example, the phrases “at least one of A and B;”
“one or more of A and B;” and “A and/or B” are each
intended to mean “A alone, B alone, or A and B together.”
A similar interpretation is also intended for lists including
three or more items. For example, the phrases “at least one
of A, B, and C;” “one or more of A, B, and C;” and “A, B,
and/or C” are each intended to mean “A alone, B alone, C
alone, A and B together, A and C together, B and C together,
or A and B and C together.” In addition, use of the term
“based on,” above and in the claims is intended to mean,
“based at least in part on,” such that an unrecited feature or
element is also permissible.

The subject matter described herein can be embodied in
systems, apparatus, methods, and/or articles depending on
the desired configuration. The implementations set forth in
the foregoing description do not represent all implementa-
tions consistent with the subject matter described herein.
Instead, they are merely some examples consistent with
aspects related to the described subject matter. Although a
few variations have been described in detail above, other
modifications or additions are possible. In particular, further
features and/or variations can be provided in addition to
those set forth herein. For example, the implementations
described above can be directed to various combinations and
subcombinations of the disclosed features and/or combina-
tions and subcombinations of several further features dis-
closed above. In addition, the logic flows depicted in the
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accompanying figures and/or described herein do not nec-
essarily require the particular order shown, or sequential
order, to achieve desirable results. Other implementations
may be within the scope of the following claims.
What is claimed is:
1. A computer-implemented method comprising:
receiving, from a proxy intercepting outputs of a genera-
tive artificial intelligence (GenAl) model executing in
a model computing environment, an output of the
GenAl model responsive to a prompt by a requestor;

tokenizing the output to result in a plurality of tokens;

determining, using the tokens, that the output comprises at
least one string comprising personally identifiable
information (PII), the determining using pattern recog-
nition to identify tokens and sequence of tokens indica-
tive of PII;

assigning, using a classifier, a PII type to each string in the

output comprising PII;

determining that at least one of the PII types in the output

requires redaction;

redacting the strings having a PII type determined to

require redaction to result in a modified output; and
causing the modified output to be transmitted to the
requestor.

2. The method of claim 1, wherein the determination that
least one of the PII types in the output requires redaction is
based on a policy associated with the requestor.

3. The method of claim 2, wherein the policy is unique to
the requestor and is one of a plurality of different available
policies.

4. The method of claim 3, wherein the policy is one of a
plurality of different available policies and is based on a
class of users which includes the requestor.

5. The method of claim 1 further comprising:

determining that at least one of the PII types in the output

does not requires redaction;

wherein strings corresponding to the PII types not requir-

ing redaction are not modified as part of the modified
output.

6. The method of claim 1, wherein the classifier comprises
at least one machine learning model.

7. The method of claim 1, wherein the GenAl model
comprises a large language model.

8. A system comprising:

at least one data processor; and

non-transitory memory storing instructions which, when

executed by the at least one data processor, results in

operations comprising:

receiving, from a proxy intercepting outputs of a gen-
erative artificial intelligence (GenAl) model execut-
ing in a model computing environment, an output of
the GenAl model responsive to a prompt by a
requestor;

tokenizing the output to result in a plurality of tokens;

determining, using the tokens, that the output com-
prises at least one string comprising personally iden-
tifiable information (PII), the determining using pat-
tern recognition to identify tokens and sequence of
tokens indicative of PII;

assigning, using a classifier, a PII type to each string in
the output comprising PII;

determining that at least one of the PII types in the
output requires redaction;

redacting the strings having a PII type determined to
require redaction to result in a modified output; and

causing the modified output to be transmitted to the
requestor.
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9. The system of claim 8, wherein the determination that
least one of the PII types in the output requires redaction is
based on a policy associated with the requestor.

10. The system of claim 9, wherein the policy is unique
to the requestor and is one of a plurality of different available
policies.

11. The system of claim 10, wherein the policy is one of
a plurality of different available policies and is based on a
class of users which includes the requestor.

12. The system of claim 8, wherein the operations further
comprise:

determining that at least one of the PII types in the output

does not requires redaction;

wherein strings corresponding to the PII types not requir-

ing redaction are not modified as part of the modified
output.

13. The system of claim 8, wherein the classifier com-
prises at least one machine learning model.

14. The system of claim 8, wherein the GenAl model
comprises a large language model.

15. A computer-implemented method comprising:

receiving, from a proxy intercepting inputs and outputs of

an artificial intelligence (Al) model executing in a
model computing environment, a prompt from a
requestor for ingestion by the Al model;
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determining whether the prompt comprises personally
identifiable information (PII);
blocking the prompt for ingestion by the Al model if it is
determined that the prompt comprises PII;
receiving, from the proxy, an output of the Al model
responsive to the prompt if it is determined that the
prompt does not comprise PII;
determining whether the output comprises PII;
allowing the output to be transmitted to the requestor if it
is determined that the output does not comprise PII; and
selectively redacting the output before transmission to the
requestor based on a policy associated the requestor,
the policy specifying levels of PII that require redaction
for the requestor.
16. The method of claim 15, wherein a PII type is
assigned to each string in the output comprising PII.
17. The method of claim 16, wherein the PII type is
assigned by a machine learning-based classifier.
18. The method of claim 15, wherein the Al model is a
large language model.
19. The method of claim 15, wherein the selective redac-
tion is based on a policy associated with the requestor.
20. The method of claim 19, wherein the policy is one of
a plurality of different available policies and is based on a
class of users which includes the requestor.
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