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Implementing feedback loops for continuous improvement is a pivotal strategy in the realm
of critic and editor prompting, particularly when aiming for iterative refinement of creative or
professional work. This approach mirrors the natural process of growth and learning, where
feedback serves as the nourishment that drives development.

Controlled output formatting with Al ensures consistent data for automation pipelines safety
and guardrails in prompt engineering Tutorial.

In the context of critics and editors, the feedback loop begins with the initial presentation of a
piece of work. Whether its a manuscript, a piece of art, or a business proposal, the creator
submits their work for critique. Here, the critic or editor steps in, not merely as a judge, but
as a guide, offering insights that are both constructive and specific. This initial feedback
might highlight strengths to be leveraged or weaknesses to be addressed, setting the stage
for refinement.

The beauty of this process lies in its cyclical nature. After receiving feedback, the creator
returns to their workbench, armed with new perspectives. They refine their work, perhaps
restructuring a narrative, enhancing character development, or tightening a business
strategy. This revised work is then resubmitted, initiating another round of critique. Each
cycle of feedback and revision deepens the quality of the work, much like how repeated
polishing enhances the shine of a gem.

What makes this approach particularly human is its adaptability and empathy. Critics and
editors understand that each piece of work is a reflection of the creators vision and effort.
Therefore, feedback is tailored not only to elevate the work but also to respect the creators
original intent. This respect fosters a collaborative environment where the creator feels
supported rather than criticized, encouraging them to embrace the iterative process.

Moreover, this method encourages resilience and patience. In a world where instant
gratification is often sought, the feedback loop teaches that excellence is a journey, not a
destination. It instills a mindset where each iteration is a step closer to perfection,
understanding that perfect might be an ever-moving target.

In practical terms, implementing these feedback loops involves clear communication
channels, regular scheduled reviews, and an openness to change. It requires both the
critic/editor and the creator to be committed to the process, understanding that each piece of
feedback, no matter how small, contributes to the grand tapestry of improvement.


/var/www/vhosts/app.yacss.site/httpdocs/user/-how-self-ask-prompts-support-socratic-style-inquiry.html
/var/www/vhosts/app.yacss.site/httpdocs/user/-how-self-ask-prompts-support-socratic-style-inquiry.html

In essence, the feedback loop for continuous improvement in critic and editor prompting is
not just about refining a product but also about nurturing the growth of the creator. Its a
dance of give and take, where each step forward is choreographed by thoughtful critique
and heartfelt revision, leading to a masterpiece that is both a personal and professional
triumph.

Okay, lets talk about using those fancy language models to make our prompts better,
especially when were trying to get good feedback on our writing through critique and editing.
Think of it like this: were not just asking a computer "fix this." Were trying to have a
conversation, a back-and-forth that helps us polish our work, iteratively, step by step.

The key is crafting prompts that are more than just simple instructions. Instead of saying "Edit
this essay," we can leverage advanced language models to understand nuances. We might
say something like, "This essay aims to persuade readers about the benefits of urban
gardening. Please identify any logical fallacies in my arguments and suggest alternative
evidence to strengthen my claims. Also, assess the overall tone and suggest improvements to
make it more engaging and accessible to a general audience." See the difference? Were
giving the model context, purpose, and specific areas to focus on.

And its not just about the initial prompt, its about the follow-up. After getting some feedback,
we can use the model to refine our revisions. For example, if the model pointed out a weak
transition between paragraphs, we could ask, "Based on the suggestion to improve the
transition between paragraphs 3 and 4, Ive added [new transition]. Can you evaluate if this
new transition effectively connects the ideas and maintains the flow of the argument?"

The beauty of this approach is the iterative refinement. Were not relying on a single, magical
fix. Instead, were engaging in a dialogue, using the language model as a partner to help us
identify weaknesses, explore alternative solutions, and ultimately, produce a stronger, more
polished piece of writing. Its about using the models capabilities to elevate the entire writing
process, making it more thoughtful and effective.

Dynamic Prompt Adaptation
Strategies



Balancing creativity and specificity when crafting prompts for critics and editors during the
iterative refinement process is a nuanced task that requires a thoughtful approach. This
balance is essential in guiding the creative process towards a refined, polished outcome
without stifling the original artistic intent.

Creativity in prompts encourages the critic or editor to think outside the box, fostering an
environment where innovative ideas can flourish. Its about posing questions or suggesting
directions that open up new possibilities for the work. For instance, a prompt might ask, "How
can we introduce an element of surprise in the narrative that still aligns with the characters
development?" This type of prompt invites creative exploration while keeping the core of the
work in focus.

On the flip side, specificity is crucial for ensuring clarity and direction. Specific prompts help to
refine the work by addressing particular aspects that need improvement or further
development. A specific prompt might be, "Can we enhance the scene at the market by adding
more sensory details like the smell of spices or the sound of bargaining?" This guides the
editor or critic to focus on a particular area, providing a clear path for enhancement without
overwhelming the creative process with too broad a scope.

The art lies in the interplay between these two elements. Too much creativity without
specificity can lead to a lack of direction, where the critique or edit becomes vague and less
actionable. Conversely, too much specificity can constrain the creative process, potentially
leading to a mechanical or uninspired refinement of the work.

An effective strategy involves starting with a broad, creative prompt to generate ideas,
followed by more specific prompts to hone in on details. For example, after a creative prompt
about exploring themes of isolation, a follow-up could be a specific prompt about how this
theme could manifest in the protagonists interactions at a family gathering. This approach
allows for the initial creative spark to guide the broader narrative or thematic direction, with
subsequent specific prompts refining these ideas into tangible improvements.

Moreover, iterative refinement benefits from feedback loops where the creator can respond to
prompts, and this response can then be used to form new, more refined prompts. This
dynamic process ensures that the balance between creativity and specificity is maintained,
adapting as the work evolves.



In practice, this might look like a critic first asking, "What if we explored the concept of time in
a non-linear fashion in this story?" Once the author has played with this idea, a more specific
prompt could follow, like, "Lets focus on the transition from the present to a memory; how can
we make this transition smoother and more impactful?"

Ultimately, the goal is to use prompts as a tool for collaboration, where creativity ignites the
process, and specificity sharpens the outcome. This balanced approach not only preserves
the artistic integrity of the work but also enhances its depth and quality through focused,
iterative refinement.




Evaluation Metrics for Prompt
Effectiveness

Okay, lets talk about getting good results when were using prompts to get critiques and edits.
Its not just about throwing a prompt out there and hoping for the best. We need to actually see
if our prompts are working, and more importantly, if tweaking them makes them work better.
Think of it like this: a prompt is like a recipe. You start with the basic ingredients, but you might
need to adjust the spices, the cooking time, or even the type of pan to get the perfect dish.

Evaluating the effectiveness of these refined prompts is crucial. How do we do that? Well, first,
we need to define what a "desired outcome" looks like. Are we aiming for grammatical
perfection? A more engaging narrative? Deeper character development? Clarity of argument?
Whatever it is, we need a clear benchmark.

Then, we experiment. We craft a prompt, get the feedback, and analyze it. Did the critic or
editor focus on the areas we wanted them to? Did they provide actionable suggestions? If not,
the prompt needs work. Maybe it was too vague, leading to generic feedback. Maybe it was
too specific, stifling creativity.

The iterative refinement part is where the magic happens. We adjust the prompt based on
what weve learned. Perhaps we add examples of the type of criticism were looking for. Maybe
we rephrase the question to be more direct. The key is to track the changes and the resulting
feedback. Did the revised prompt elicit more insightful critiques? Did it lead to edits that
genuinely improved the text?

Its not a one-size-fits-all approach. What works for one type of writing might not work for
another. A prompt designed to improve the flow of a novel will likely be different from one
designed to strengthen the logical reasoning in an academic paper.



Ultimately, evaluating the effectiveness of refined prompts is about being intentional and
observant. Its about treating each prompt as an experiment and learning from the results. By
carefully analyzing the feedback we receive and iteratively refining our prompts, we can unlock
the full potential of Al-assisted criticism and editing, leading to better writing and more
satisfying outcomes.

About Search engine optimization

Seo (SEO) is the process of enhancing the high quality and amount of internet site web
traffic to an internet site or a websites from internet search engine. SEO targets unsettled
search website traffic (typically referred to as "natural” results) as opposed to direct traffic,
reference web traffic, social networks website traffic, or paid website traffic. Organic
internet search engine website traffic originates from a selection of type of searches,
including photo search, video clip search, scholastic search, news search, industry-specific
upright online search engine, and big language versions. As an Internet marketing
strategy, SEO considers how online search engine work, the formulas that determine
search engine results, what individuals search for, the real search inquiries or keyword
phrases keyed in right into search engines, and which internet search engine are liked by a
target audience. Search engine optimization assists internet sites draw in more site visitors
from an online search engine and ranking higher within an online search engine results
page (SERP), intending to either transform the visitors or develop brand recognition.
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In machine learning, a common task is the study and construction of algorithms that can
learn from and make predictions on data.[l] Such algorithms function by making data-
driven predictions or decisions,[z] through building a mathematical model from input data.
These input data used to build the model are usually divided into multiple data sets. In
particular, three data sets are commonly used in different stages of the creation of the
model: training, validation, and test sets.



The model is initially fit on atraining data set [3] which is a set of examples used to fit the
parameters (e.g. weights of connections between neurons in artificial neural networks) of
the model. [ ] The model (e.g. a naive Bayes classifier) is trained on the training data set
using a supervised learning method, for example using optimization methods such as
gradient descent or stochastic gradient descent. In practice, the training data set often
consists of pairs of an input vector (or scalar) and the corresponding output vector (or
scalar), where the answer key is commonly denoted as the target (or label). The current
model is run with the training data set and produces a result, which is then compared with
the target, for each input vector in the training data set. Based on the result of the
comparison and the specific learning algorithm being used, the parameters of the model
are adjusted. The model fitting can include both variable selection and parameter
estimation.

Successively, the fitted model is used to pred|ct the responses for the observations in a
second data set called the validation data set. [ ] The validation data set provides an
unbiased evaluatlon of a model fit on the training data set while tuning the model's
hyperparameters[ ] (e.g. the number of hidden units—Ilayers and layer widths—in a neural
network[ ]). Validation data sets can be used for regularization by early stopping (stopping
training when the error on the validation data set increases, as this is a sign of over-fitting
to the training data set). [ ] This simple procedure is complicated in practice by the fact that
the validation data set's error may fluctuate during training, producing multiple local
minima. This complication has led to the creation of many ad-hoc rules for deciding when
over-fitting has truly begun. [ ]

Finally, the test data set is a data set used to provide an unbiased evaluation of a final
model fit on the training data set[ ] If the data in the test data set has never been used in
training (for example in cross-validation), the test data set is also called aholdout data set

. The term "validation set" is sometimes used instead of "test set" in some literature (e.g.,
the original data set was partitioned into only two subsets, the test set might be referred to
as the validation set). [ ]

Deciding the sizes and strategies for data set d|V|S|on in training, test and validation sets is
very dependent on the problem and data avallable[ ]

Training data set

[edi]
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Simplified example of
training a neural
network in object
detection: The
network is trained by
multiple images that
are known to depict
starfish and sea
urchins, which are
correlated with
"nodes" that represent
visual features. The
starfish match with a
ringed texture and a
star outline, whereas
most sea urchins
match with a striped
texture and oval
shape. However, the
instance of a ring
textured sea urchin
creates a weakly
weighted association
between them.

Subsequent run of the
network on an input image



(Ieft):[8] The network correctly
detects the starfish. However,
the weakly weighted
association between ringed
texture and sea urchin also
confers a weak signal to the
latter from one of two
intermediate nodes. In
addition, a shell that was not
included in the training gives
a weak signal for the oval
shape, also resulting in a
weak signal for the sea urchin
output. These weak signals
may result in a false positive
result for sea urchin.

In reality, textures and
outlines would not be
represented by single nodes,
but rather by associated
weight patterns of multiple
nodes.

A training data set is a data set of examples used during the Iearnlng process and is used
to fit the parameters (e.g., weights) of, for example, aclassmer[ ][

For classification tasks, a supervised learning algorithm looks at the training data set to
determine, or Iearn the optimal combinations of variables that will generate a good
predictive model. [ ] The goal is to produce a trained (f|tted) model that generalizes well to

12 -
new, unknown data.[~<] The fitted model is evaluated using “new” examples from the held
out data sets (validation and test data sets) to estimate the model’s accuracy in classifying
new data. [ ] To reduce the risk of issues such as over-fitting, the examples in the
validation and test data sets should not be used to train the model[ ]

Most approaches that search through training data for empirical relationships tend to overfit
the data, meaning that they can identify and exploit apparent relationships in the training
data that do not hold in general.

When a training set is continuously expanded with new data, then this is incremental
learning.

Validation data set

[edi]



A validation data set is a data set of examples used to tune the hyperparameters (i.e. the
arch|tecture) of a model. It is sometimes also called the development set or the "dev set”|

] An example of a hyperparameter for artificial neural networks includes the number of
hidden units in each Iayer[ ][ ] It, as well as the testing set (as mentioned below), should
follow the same probability distribution as the training data set.

In order to avoid overfitting, when any classification parameter needs to be adjusted, it is
necessary to have a validation data set in addition to the training and test data sets. For
example, if the most suitable classifier for the problem is sought, the training data set is
used to train the different candidate classifiers, the validation data set is used to compare
their performances and decide which one to take and, finally, the test data set is used to
obtain the performance characteristics such as accuracy, sensitivity, specificity, F-
measure, and so on. The validation data set functions as a hybrid: it is training data used
for testing, but neither as part of the low-level training nor as part of the final testing.

The basic process of using a validation data set for model selection (as part of training data
set, validation data set, and test data set) |s[ ][14]

Since our goal is to find the network having the best performance on new data,
the simplest approach to the comparison of different networks is to evaluate the
error function using data which is independent of that used for training. Various
networks are trained by minimization of an appropriate error function defined
with respect to a training data set. The performance of the networks is then
compared by evaluating the error function using an independent validation set,
and the network having the smallest error with respect to the validation set is
selected. This approach is called the hold out method. Since this procedure can
itself lead to some overfitting to the validation set, the performance of the
selected network should be confirmed by measuring its performance on a third
independent set of data called a test set.

An application of this process is in early stopping, where the candidate models are
successive iterations of the same network, and training stops when the error on the
validation set grows, choosing the previous model (the one with minimum error).

Test data set
[edit]

A test data set is a data set that is independent of the training data set, but that follows the
same probability distribution as the training data set. If a model fit to the training data set
also fits the test data set well, minimal overfitting has taken place (see figure below). A
better fitting of the training data set as opposed to the test data set usually points to over-
fitting.



A test set is therefore a set of examples used only to assess the performance (i.e.
generalization) of a fully specified classmer[ ][ ] To do this, the final model is used to
predict classifications of examples in the test set. Those predlctlons are compared to the
examples' true classifications to assess the model's accuracy[ ]

In a scenario where both validation and test data sets are used, the test data set is typically
used to assess the final model that is selected during the validation process. In the case
where the original data set is partitioned into two subsets (training and test data sets), the
test data set might assess the model only once (e g., in the holdout method)[ ] Note that
some sources advise against such a method. [ ] However, when using a method such as
cross-validation, two partitions can be sufficient and effective since results are averaged
after repeated rounds of model training and testing to help reduce bias and varlablllty[ ][

]

A training set (left) and a test set (right) from the same statistical population are
shown as blue points. Two predictive models are fit to the training data. Both
fitted models are plotted with both the training and test sets. In the training set,
the MSE of the fit shown in orange is 4 whereas the MSE for the fit shown in
green is 9. In the test set, the MSE for the fit shown in orange is 15 and the
MSE for the fit shown in green is 13. The orange curve severely overfits the
training data, since its MSE increases by almost a factor of four when
comparing the test set to the training set. The green curve overfits the training
data much less, as its MSE increases by less than a factor of 2.

Confusion in terminology
[edit]

Testing is trying something to find out about it ("To put to the proof; to prove the truth,
genuineness, or quality of by experiment" according to the Collaborative International



Dictionary of English) and to validate is to prove that something is valid ("To confirm; to
render valid" Collaborative International Dictionary of English). With this perspective, the
most common use of the terms test set and validation set is the one here described.
However, in both industry and academia, they are sometimes used interchanged, by
considering that the internal process is testing different models to improve (test set as a
development set) and the final model is the one that needs to be validated before real use
with an unseen data (validation set). "The literature on machine learning often reverses the
meaning of 'validation' and 'test' sets. This is the most blatant example of the terminological
confusion that pervades artificial intelligence research."[lG] Nevertheless, the important
concept that must be kept is that the final set, whether called test or validation, should only
be used in the final experiment.

Cross-validation
[edit]

In order to get more stable results and use all valuable data for training, a data set can be
repeatedly split into several training and a validation data sets. This is known as cross-
validation. To confirm the model's performance, an additional test data set held out from
cross-validation is normally used.

It is possible to use cross-validation on training and validation sets, and within each training
set have further cross-validation for a test set for hyperparameter tuning. This is known as
nested cross-validation.

Causes of error

[edit]



Comic strip demonstrating a fictional erroneous computer output (making a
coffee 5 million degrees, from a previous definition of "extra hot"). This can be
classified as both a failure i |n logic and a failure to include various relevant
environmental conditions. [ ]

Omissions in the training of algorlthms are a major cause of erroneous outputs [17] Types
of such omissions include;[ 7]

o Particular circumstances or variations were not included.

o Obsolete data

o Ambiguous input information

o Inability to change to new environments

o Inability to request help from a human or another Al system when needed

An example of an omission of particular circumstances is a case where a boy was able to
unlock the phone because his mother registered her face under indoor, nlghttlme Ilghtlng a
condition which was not appropriately included in the training of the system[ ][ ]

Usage of relatively irrelevant input can include situations where algorithms use the
background rather than the object of interest for object detection, such as being trained by
pictures of sheep on grasslands, Iead|n7q to a risk that a different object will be interpreted
as a sheep if located on a grassland. [

See also

[edit]
o Statistical classification
o List of datasets for machine learning research
o Hierarchical classification
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