
第 9 章CHAPTER 9LLM 設計模式LLM Design Patterns

如果不提及使 Copilots 如此有用的關鍵 LLM

設計模式，最後兩章的討論就不完整。儘管這些模式經常用於 Copilot

上下文，但當您在任何 UX 上下文中處理 LLM（大型語言模型）或 SLM（小型語言模型）AI

時，都值得牢記它們。

The discussion in the last two chapters would not be complete without the mention of the key LLM

design patterns that have made Copilots so useful. Although these patterns are often used in a Copilot

context, they are worth keeping in mind any time you are dealing with an LLM (large language model)

or an SLM (small language model) AI in any UX context.

現代語言模型最有趣和最獨特的特徵之一是，這些新模型通過將來自各種不同數據源和

上下文的信息聯繫在一起，似乎更“理解”了。例如，假設您正在開車，並告訴模型一個字

：「停車」。根據對日曆的訪問，最新一代的人工智慧可以確定您即將接近預定目的地、舊

金山市中心的一家受歡迎的夜總會、現在是晚上 9

點，因此您可能遲到了並且外面很黑，等等。因此，像 ChatGPT 這樣的現代 LLM 模型應該

能夠確定您正在尋找場地附近的停車位，而不是國家公園的一般信息，或植物園中陽光明媚

的嬉戲，或附近金門公園的自行車遊覽（見圖 9.1）。

One of the most interesting and unique features of the modern language models is how much more

these new models appear to “understand” by tying together information from all sorts of disparate

data sources and context. For example, let’s imagine you are driving and tell the model a single word:

“Park.” Based on access to your calendar, the latest generation AI can ascertain the fact that you are

nearing your scheduled destination, a popular nightclub in downtown San Francisco, the fact that it’s 9

p.m. and therefore you are likely late and it’s dark outside, and so on. Therefore, a modern LLM

model like ChatGPT should be capable of determining that you are looking for a parking spot near your

venue and not, for example, general information on national parks, or a sunny frolic in a botanical

garden, or a biking excursion in the nearby Golden Gate Park (see Figure 9.1).

相比之下，像 Siri 這樣的上一代助手遠沒有那麼聰明。事實上，Siri 看起來非常愚蠢。

In comparison, the previous generation assistant like Siri is nowhere near that smart. In fact, Siri

looks downright silly.



而

Silly，不會在會場附近找到你停車，而是執行，“這是我在我附近找到的'公園'”（見圖

9.2）。

And Silly, instead of finding you parking near the venue will instead be executing, “Here’s what I

found near me for ‘Park’” (see Figure 9.2).

我提出這個例子並不是為了討厭 Silly 和她的表兄弟 Cortana 和 Alexa，而是為了展示現代

LLM

令人難以置信的範圍和功能，以便您可以記住我們在本章中審查的模式是多麼必要，以確保

LLM 實際上完全按照用戶的意圖做。正如克里斯蒂安�蘭格（1921

年諾貝爾和平獎得主）的名言：“技術是一個有用的僕人，但也是一個危險的主人。

I bring up this example not to hate on Silly and her cousins Cortana and Alexa, but to demonstrate

the incredible scope and capability of the modern LLMs so that you might keep in mind how necessary

the patterns we are reviewing in the chapter are to ensure that LLMs actually do exactly what the user

intended. As Christian Lange (Nobel Peace Prize winner of 1921) so famously quipped, “Technology

is a useful servant but a dangerous master.”

為了確保法學碩士仍然是我們的僕人，我們需要討論重述、自動完成、對講、建議、後

續步驟、再生調整和護欄。

To make sure LLMs remain our servants, we need to talk about Restating, Auto-Complete,

Talk-Back, Suggestions, Next Steps, Regen Tweaks, and Guardrails.



圖 9.1 ChatGPT 在上下文中「理解」請求

Figure 9.1 ChatGPT “understands” the request in context

來源：ChatGPT 中使用 AI 生成

Source: Generated with AI in ChatGPT





圖9.2 Siri不理解上下文

Figure 9.2 Siri does not understand the context

資源： 蘋果

Source: Apple

重述

Restating

重述只是人工智慧告訴您它理解為輸入的一種方式。這樣就不會對正在研究、呈現或構

建的內容感到困惑。此模式最早廣泛使用的範例之一是在 Microsoft Power BI

NLP（自然語言處理）Ask 功能中實現的，其最新迭代如圖 9.3 所示。

Restating is simply a way the AI tells you what it understood as an input. This way there is no

confusion about what is being researched, presented, or constructed. One of the earliest widely used

examples of this pattern was implemented in the Microsoft Power BI NLP (natural language processing)

Ask feature, the latest iteration of which is shown in Figure 9.3.



圖 9.3 Microsoft Power BI 中的重述功能

Figure 9.3 Restating feature in Microsoft Power BI

資料來源：企業 DNA / https://www.youtube.com/watch?v=L7phhEmxERs / 最後訪問日期為

2025 年 2 月 5 日

Source: Enterprise DNA / https://www.youtube.com/watch?v=L7phhEmxERs / last accessed on

February 05, 2025

請注意，在圖 9.3 中，使用者在「詢問」搜尋方塊中輸入「2017

年在哪裡」，系統將其正確解釋為「2017

（訂單日期）」，如使用者項目正下方的「顯示結果」欄位所示。請記住，LLM 只是非常

大、智能且複雜的自動完成引擎。使用重述功能來填補空白並自動更正草率的人類思維和數

據輸入就像我們接近魔法一樣;它使我們能夠擁有人類的錯誤，例如打字草率、分心、情緒

化和不完整，同時充分利用法學碩士的超能力，根據對話的上下文填充句子中的下一個單詞

。（傑瑞�馬奎爾：“法學碩士，你完成了我！LLM：「閉嘴，閉嘴，你叫我打招呼！」

Notice in Figure 9.3 that the user typed “where is 2017” in the Ask search box, which the system

correctly interpreted as “2017 (order date)” as shown in the Showing Results For field right below the

user entry. Remember that LLMs are just very large, smart, and sophisticated Auto-complete engines.

Using the restatement feature to fill in the gaps and autocorrect sloppy human thinking and data entry is

as close as we come to magic; it allows us to have our human fallibilities, such as typing sloppily, being

distracted, emotional, and incomplete, all the while fully leveraging the LLM’s superpowers to fill in

our next word in the sentence based on the context of the conversation. (Jerry Maguire: “LLM, you

complete me!” LLM: “Shut up, just shut up, you had me at hello!”)

在採取行動之前應該重申一下嗎？這要看情況。回想一下我們在第 5 章「價值矩陣 –

人工智慧準確性是胡說八道」中對價值矩陣的討論。這就是用戶體驗必須做的。為了回答「

你應該根據人工智慧的最佳猜測立即採取這個行動嗎？」我們需要知道兩件事：

Should you restate before you take action? That depends. Recall our discussion of the Value Matrix

in Chapter 5, “Value Matrix – AI Accuracy Is Bullshit. Here’s What UX Must Do About It.” In

order to answer “should you take this action immediately based on AI’s best guess?” we need to

know two things:

- 人工智慧多久會出錯一次How often will the AI be wrong



- 誤報的影響The impact of the false positive

使用這兩個數字，我們可以通過將每個幻覺的影響乘以將回答錯誤的問題數量來計算每

個選項的投資回報率。

Using these two numbers, we can calculate the ROI of each option by multiplying the impact of

each hallucination by the number of questions that will be answered incorrectly.

在 Power BI 的情況下，可以立即執行 Ask 查詢，因為幾乎不會受到誤判的懲罰

（除了執行查詢的非常小的 Azure 計算費用之外）。相反，想像一下您正在為 SMS 功能進行

NLP 翻譯。在此情況下，誤判查詢解譯可能意味著傳送不正確的文字內容或傳送簡訊給錯誤

的人。無論哪種情況，後果都可能是絕對災難性的！所以在這種情況下，你絕對應該設計系

統，以便在發送短信之前進行確認，例如：“你讓我給你的老闆發短信'自己躲開吧'。是這

樣嗎？

In the case of Power BI, the Ask query can be executed immediately because there is almost no

penalty for a false positive (other than a very small Azure compute charge to run the query). In contrast,

imagine that you are doing the NLP translation for an SMS function. In this case, a false positive query

interpretation might mean sending incorrect text content or sending an SMS to the wrong person. In

either case, the consequences can be absolutely disastrous! So in this case, you should absolutely design

the system to confirm before sending the text, as in: “You asked me to text your boss ‘go duck

yourself.’ Is that right?”

自動完成

Auto-Complete

與重述概念密切相關的是自動完成的概念。您可以將自動完成視為重述的前置，也就是

說，甚至在人類和人工智慧之間的溝通出現任何混亂之前就提供了正確的概念和詞彙。（注

意：「預備」是「預」和「推遲」的合成詞，意思是在問題變得明顯之前採取行動。是的，

這是一個真實的詞，也是這種用戶體驗設計中的一個有用概念。

Closely related to the concept of Restating is the concept of Auto-complete. You can think of

Auto-complete as preponing the restatement—that is, providing the correct concepts and vocabulary

even before there is any confusion in communication between humans and AI. (NOTE: “Preponing”

is a portmanteau of “pre-” and “postponing,” and it means taking action before an issue becomes



evident. Yes, it is a real word and a useful concept in this kind of UX design.)

自動完成可以有多個複雜程度。如圖 9.4 所示，Power BI

具有相當複雜的重疊，可根據客戶輸入的內容提供方便的自動完成建議。

Auto-complete can have multiple levels of sophistication. As Figure 9.4 shows, Power BI features a

fairly sophisticated overlay that provides handy Auto-complete suggestions based on what the customer

is typing in.

圖 9.4 Power BI 中的自動完成功能

Figure 9.4 Auto-complete feature in Power BI

資料來源：企業 DNA / https://www.youtube.com/watch?v=L7phhEmxERs / 最後訪問日期為

2025 年 2 月 5 日

Source: Enterprise DNA / https://www.youtube.com/watch?v=L7phhEmxERs / last accessed on

February 05, 2025

與我在第 6 章「案例研究：是什麼讓 Sumo Copilot 成功？」Power BI 非常了解數據字段

的內容和結構，並且它有一個非常大的排名庫，其中包含以前提出的問題。因此，它能夠建

構與大多數客戶想要詢問的有關此類資料的內容相對應的查詢。自動完成不是“一次性”，

而是在用戶繼續鍵入時繼續填充選項。當使用者暫停一秒鐘或更長時間時，會自動執行

[詢問] 方塊中的查詢。您應該自動執行自動完成查詢嗎？同樣，就像前面介紹的重述一樣，

這取決於誤報的影響，儘管在這種情況下，用戶實際上輸入或選擇了輸入文本，因此系統不

太可能告訴你的老闆自己去躲避......除非你特別要求提供那段文字。儘管如此，還是要謹慎

並邏輯評估輸出正確性和意外脂肪指法錯誤的影響。

Similar to Sumo Logic Copilot I covered in Chapter 6, “Case Study: What Made Sumo Copilot

Successful?” Power BI understands the content and structure of the data fields extremely well, and it has

an exceptionally large ranked library of previously asked questions. Therefore, it is able to construct



queries that correspond to what most customers will want to ask about this type of data. The

Auto-complete is not “one shot” but continues to fill in the options as the user continues typing.

When the user pauses for just a second or more, the query in the Ask box is automatically executed.

Should you be executing Auto-complete queries automatically? Again, just as in Restating covered

earlier, it depends on the impact of the false positive, although in this case, the user actually typed in or

chose the input text, so the system is less likely to tell your boss to go duck himself ⋯ unless you

specifically asked for that text. Still, use caution and logically evaluate the impact of the correctness of the

output and accidental fat-fingering errors.

值得指出的是，當使用者選擇其中一個「自動完成」選項時，Power BI 應用程式中不再

發生重述。直到最近，自動完成和重述都曾經同時出現，因此這是一個值得指出的新用戶體

驗開發。重述現在就像一種“你指的是 X 嗎？圖 9.5 顯示挑選其中一個 Power BI 的

[自動完成] 選項的結果，即顯示答案，而不重述。

It is worth pointing out that in the cases when the user selects one of the Auto-complete options,

the Restating no longer happens in the Power BI application. Both Auto-complete and Restating used to

show up together until quite recently, so this is a new UX development worth pointing out. Restating

now acts as a kind of “Did you mean X?” reserved for cases where Auto-complete was not entirely

drawn from the database of the likely matches. Figure 9.5 shows the result of picking one of the Power

BI’s Auto-complete options—the answer is displayed without Restating.



圖 9.5 如果使用者使用自動完成，Power BI 會顯示答案而不重述

Figure 9.5 If the user utilized Auto-complete, Power BI shows the answer without restating

資料來源：企業 DNA / https://www.youtube.com/watch?v=L7phhEmxERs / 最後訪問日期為

2025 年 2 月 5 日

Source: Enterprise DNA / https://www.youtube.com/watch?v=L7phhEmxERs / last accessed on

February 05, 2025

Power BI 擁有市場上最複雜的自動完成功能之一。它會以藍色底線將欄位標示為「可變

更」，以紅色底線標示為「不相符」。可變更欄位 （單一底線）

可作為一種動態下拉式清單，而紅色欄位 （雙底線） 則會即時指示使用者，指出其查詢不

屬於允許的參數集，或欄位拼字錯誤，或以符合問題的方式存在於資料中。此功能非常強大

，但實施起來也可能非常昂貴（圖 9.6）。



Power BI has one of the most sophisticated Auto-complete features on the market. It labels fields as

“changeable” in blue underline and as “unmatched” in red underline. Changeable fields (single

underline) act as a sort of a dynamic drop-down, whereas the red fields (double underline) are a

just-in-time indication to the user that their query does not fall into the set of allowed parameters or a

field is misspelled or does not exist in the data in a way that matches the question. This capability is

incredibly powerful, but also can be incredibly expensive to implement (Figure 9.6).

如果您能夠將自動完成功能新增至您的系統，它將為您的客戶帶來更加簡化和令人滿意

的體驗，因為他們錯過的查詢會更少——它「準備」正確的回應，並消除客戶對查詢符合人

工智慧可以理解和回答的內容的任何懷疑。

If you are able to add Auto-complete to your system, it will lead to a much more streamlined and

satisfying experience for your customers because they will have fewer missed queries—it “prepones”

the correct response and removes any doubt from the customer’s mind that the query is in line with

what AI can understand and answer.

圖 9.6 Power BI 具有市場上最複雜的自動完成功能之一

Figure 9.6 Power BI has one of the most sophisticated Auto-complete features on the market

資料來源：企業 DNA / https://www.youtube.com/watch?v=L7phhEmxERs / 最後訪問日期為

2025 年 2 月 5 日

Source: Enterprise DNA / https://www.youtube.com/watch?v=L7phhEmxERs / last accessed on

February 05, 2025

對講

Talk-Back

重述只是報告 AI 對查詢的理解——用戶別無選擇，只能手動修復查詢。對講與重述類

似，但具有更廣泛的功能和應用。Talk-Back 可以解釋出了什麼問題以及原因，提出其他問



題，建議不同的探索策略，並且一般來說，引導用戶完成比僅僅回答特定問題複雜得多倍的

探索體驗。

Restating simply reports what the AI has understood the query to be—the user has no choice but to

fix the query manually. Talk-Back is similar to restating, but with much broader capabilities and

applications. Talk-Back can explain what went wrong and why, ask additional questions, suggest

different exploration strategies, and, in general, guide the user through an exploration experience that is

magnitudes of times more sophisticated than merely answering a particular question.

Talk-Back 的一個絕佳例子來自沃頓商學院副教授、《Co-Intelligence》（Portfolio，2024

年）一書的作者 Ethan Mollick。圖 9.7 顯示了 Ethan 和 Claude AI 之間的交流，複製自他於

2024 年 8 月 12 日在 LinkedIn 上的貼文。

One fantastic example of Talk-Back comes from Ethan Mollick, associate professor at the Wharton

School and author of the book Co-Intelligence (Portfolio, 2024). Figure 9.7 shows an exchange between

Ethan and Claude AI, copied from his post on LinkedIn on August 12, 2024.

在這種情況下，Claude

顯示的推理的最後階段非常複雜和冗長，並且需要大量空間來部署在 UI

中。因此，Talk-Back 通常需要聊天界面才能真正大放異彩。

The final stage of reasoning displayed by Claude in this case is incredibly sophisticated and verbose

and requires a great deal of space to deploy in the UI. For this reason, Talk-Back usually requires a chat

interface to really shine.

初步建議

Initial Suggestions

在使用者在探索過程中採取任何步驟之前，會顯示初始建議。就像沒有 AI

幫助的任何其他初始建議一樣，這些可以是您可以向 LLM 詢問的通用問題的範例，如圖 9.8

所示的 ChatGPT o1-preview 螢幕。

Initial Suggestions are displayed before the user has taken any steps on the journey of exploring. Just

like any other initial suggestions without the help of AI, these can be examples of generic things you can

ask an LLM, as in the screen from ChatGPT o1-preview shown in Figure 9.8.



然而，這些不需要是通用的。在此來自 Power BI

的範例中，初始建議會調整為使用者在上一個畫面上選取的特定資料類型。LLM 透過讀取

資料行和資料、進行深入分析，以及預先建立一些針對其他使用者對類似資料類型提出的要

求進行訓練的熱門查詢，來展示其令人難以置信的功能。如果您注意到這些類似於自動建議

，那是因為它們確實如此;這些初始建議是從自動完成查詢集中提取的，方法是按受歡迎程

度對初始查詢進行排名（見圖 9.9）。

However, these do not need to be generic. In this example from Power BI, the initial suggestions are

tuned to the specific data type the user has selected on the previous screen. The LLM displays its

incredible power by reading the columns and data, doing a deep level of analysis, and pre-creating some

of the popular queries trained on what other users have asked of similar data types. If you noticed that

these are similar to Auto-Suggestions, that’s because they are; these initial suggestions were drawn from

the set of Auto-complete queries by ranking the initial queries by popularity (see Figure 9.9).



圖 9.7 「移除魷魚」——Claude 中對講的一個高度複雜的範例

Figure 9.7 “Remove the squid”—a highly sophisticated example of Talk-Back in Claude

資料來源：Ethan Mollick / https://www.linkedin.com/posts/emollick_claude-handles-an-insane

-request-incredibly-activity-7219520024330338305-wdW-?utm_source=share&utm_medium=membe



r_desktop / 最後訪問日期：2025 年 2 月 5 日

Source: Ethan Mollick / https://www.linkedin.com/posts/emollick_claude-handles-an-insane-req

uest-incredibly-activity-7219520024330338305-wdW-?utm_source=share&utm_medium=member_de

sktop / last accessed on February 05, 2025

圖 9.8 通用初始建議

Figure 9.8 Generic initial suggestions

來源：ChatGPT 中使用 AI 生成

Source: Generated with AI in ChatGPT



圖 9.9 針對資料來源調整的初始建議

Figure 9.9 Initial suggestions tuned to the data source



資源： PowerBI

Source: PowerBI

初始建議的第三個例子（圖 9.10）來自 Claude 3.5

十四行詩。克勞德正在使用先前對話中的推動來再次進行互動。

The third example of initial suggestions (Figure 9.10) comes from Claude 3.5 Sonnet. Claude is

using nudges from the previous conversations as a way to get the interaction going again.

您對客戶目前需求猜測得越多，您的初始建議就越強大，尤其是組合使用多種類型的建

議。您可以很容易地想像 LLM 使用最後幾次聊天來產生符合主題的相關問題或繼續對話。

想像一下這樣的體驗是多麼神奇，特別是如果與特定主題或資料來源以及強大的自動完成功

能搭配使用。像這樣的應用程序幾乎是“讀懂用戶的想法”，提前知道用戶可能會問什麼樣

的問題，並以零點擊的方式為他們提供服務！

The more you can guess about the customer’s needs at the moment, the more powerful your

Initial Suggestions will be, especially using multiple types of suggestions in combination. You can easily

imagine an LLM use the last few chats to generate related questions that fit the theme or continue the

conversation. Imagine how magical such an experience could be, especially if paired with a specific topic

or data source and a powerful Auto-complete feature. An application like that would almost be

“reading the user’s mind,” knowing ahead of time what kinds of questions the user is likely to ask

and serving them up with zero clicks!



圖 9.10 從使用者中斷的地方繼續的初始建議

Figure 9.10 Initial suggestions that continue where the user left off

來源：在 Claude 中使用 AI 生成

Source: Generated with AI in Claude

後續步驟

Next Steps

後續步驟就像執行查詢之後出現的自動完成。應用程式可以使用 LLM

來推斷使用者可能提出的下一個問題（LLM 天生非常擅長）。使用 LLM

產生後續步驟的優點是，LLM 可以對它傳回的資料執行深入分析，並注意其他有趣的模式



和見解，這些模式和見解超出了自動建議層級的建議，這些建議主要是透過將使用者的查詢

與類似查詢的資料庫進行比對所驅動。這些「深度分析」建議非常有價值;它們可以使用類

似於「購買 X 的人也會購買 Y」的暴力匹配演算法來包含先前查詢的集體智慧，同時還可以

對查詢結果進行深入分析，識別重要的趨勢和異常情況，例如錯誤水平升高、某些類型的資

料遺失等。許多專有演算法和機器學習解決方案也是可能的。其中大部分將包括從用戶在每

個特定查詢後實際點擊的內容中進行持續強化學習。

Next Steps are like the Auto-complete that comes up after the query is executed. The application

can use the LLM to infer the next question the user is likely to ask (something that LLMs are naturally

really good at). The advantage of using an LLM to generate the Next Steps is that the LLM can perform a

deep analysis on the data it brings back and notice additional interesting patterns and insights that

extend above and beyond the autosuggest level of suggestions that are mostly driven by matching the

user’s query against a database of similar queries. These “deep analysis” suggestions are highly

valuable; they can contain the collective wisdom of the previous queries using a brute-force matching

algorithm similar to “people who buy X also buy Y” while also performing a deep level of analysis on

the query results, identifying important trends and anomalies such as elevated level of errors, certain

types of data missing, and so forth. Many proprietary algorithms and ML solutions are also possible.

Most of these will include continuous reinforcement learning from what users actually click on following

each specific query.

建議引擎的持續重新訓練是必須的。這種複雜技術的一個很好的例子來自我之前在第 6

章中討論的 Sumo Logic Copilot。請注意圖 9.11 中顯示在螢幕右側的多種類型的建議。這些

取決於資料來源和使用者輸入的當前查詢的組合。

Continuous retraining of the suggestions engine is a must. A great example of this sophisticated

technique comes from the Sumo Logic Copilot I discussed previously in Chapter 6. Notice in Figure

9.11 the multiple types of suggestions shown on the right side of the screen. These depend on the

combination of the data source and the current query user typed in.



圖 9.11 Sumo Logic Copilot 中的各種複雜建議

Figure 9.11 Various sophisticated suggestions in Sumo Logic Copilot

來源：Sumo Logic

Source: Sumo Logic

當談到 LLM 驅動的產品時，不要將自己局限於傳統的後續步驟建議。充分利用所有傳

入的數據，包括先前的查詢、使用者偏好和歷史記錄、查詢的資料類型、查詢結果中顯示的

異常和趨勢等。若要隨時間改進您的應用程式，請記住每次點擊都繼續 LLM 訓練流程。

When it comes to LLM-driven products, don’t limit yourself to traditional Next Steps

suggestions. Take full advantage of all incoming data, including the previous query, user preferences and

history, the type of data being queried, anomalies and trends shown in the query results, etc. To improve

your application over time, remember to continue the LLM training process with every click.

再生調整

Regen Tweaks

雖然「下一步」功能在對話式和探索性 LLM 環境中非常有用，但有時與生成式 AI

互動的全部意義在於建立選項。在這些情況下，與生成式 AI



引擎的互動是「單次」輸出，可能會被簡短檢查、丟棄並立即重新產生。

While the Next Steps feature is very useful in a conversational and exploratory LLM environment,

sometimes the whole point of interacting with gen AI is to create options. In those cases, the interaction

with the gen AI engine is a “single-shot” output that is likely to be examined briefly, discarded, and

immediately regenerated.

從本質上講，存在兩個對立的極性：「聊天/探索流」和「創意生成流」，每種生成體

驗背後的目的都大不相同：

In essence, there are two opposing polarities: a “chat/exploration flow” and a “creative

generation flow,” and the purpose behind each generative experience is very different:

1. 在典型的聊天/探索流程中，我們可以假設輸出大部分是正確的。在極少數情況下，輸

出是錯誤的，使用者可以告訴 LLM 出了什麼問題，並要求它重新產生輸出（請參閱

本章前面的「對講」部分下的「移除魷魚」範例）。AI模型溫度相對「冷」，以保持

輸出的一定一致性;執行相同的查詢兩次可能會產生類似的結果。在這種情況下，後續

步驟功能最有用，因為建議支持繼續對話。In a typical chat/exploration flow, we can

assume that the output is mostly correct. In rare cases, the output is wrong, and the user can tell

the LLM what is wrong and ask it to regenerate the output (see the “remove the squid”

example under the Talk-Back section earlier in this chapter). The AI model temperature is

relatively “cold” to keep the output somewhat consistent; running the same query twice is

likely to yield similar results. In this case, the Next Steps feature is most useful as the suggestions

support continuing the conversation.

2. 相較之下，在典型的創意生成流程中，我們假設輸出不正確。因此，所有後續步驟和

工具都可以幫助用戶通過輕微的調整重新生成輸出。AI 模型溫度相對“熱”，以保持

輸出可變性和再生之間的創意，以幫助提出創意輸出。該模型針對快速調整和再生進

行了調整，因此再生調整功能是最有用的。In contrast, in the typical creative generation

flow, we assume that the output is not correct. Thus, all of the Next Steps and tools are there to

help the user regenerate the output with slight tweaks. The AI model temperature is relatively

“hot” to keep the output variable and creative between regenerations, to help come up with

creative output. The model is tuned for quick tweaks and regeneration, and so the Regen Tweaks

feature is the most useful.



創意生成流程的一個很好的典型代表是圖 9.12 中出現的任何生成式 AI 應用程序，例如

Midjourney。

A great poster child for a creative generation flow is any gen AI application like Midjourney that

appears in Figure 9.12.

請注意生成第一張圖像後所有方便的一鍵式工具。最有趣的是 Vary（微妙）和

Vary（強）：它們控制 LLM

的溫度——模型調整得越熱，圖像的下一次迭代中可能會引入更多的變化。此外，箭頭和

Vary （區域） 等工具允許使用者將他們的請求傳達給 LLM

以改變特定區域或改變觀點。除了這些一鍵式按鈕之外，截至撰寫本文時，還有 16

個附加參數來控制下一個生成圖像的變化。整個 Regen Tweaks

包旨在改變再生圖像——Midjourney 產品背後的中心主題和整個存在理由。

Note all of the convenient one-click tools that followed the generation of the first image. The most

interesting are Vary (Subtle) and Vary (Strong): these control the temperature of the LLM—the hotter

the model is tuned, the more variation is likely to be introduced into the next iteration of the image. In

addition, tools like arrows and Vary (Region) allow users to communicate their requests to the LLM to

vary a specific region or change the viewpoint. In addition to these one-click buttons, there are, as of this

writing, 16 additional parameters to control the variation of the next generated image. This entire

package of Regen Tweaks is aimed at varying the regenerated image—the central theme and the entire

raison d’etre behind the Midjourney product.

在許多方面，Regen Tweaks 和 Next Steps

都支持類似的功能。然而，它們支援截然相反的工作流程：Regen Tweaks

專注於幫助使用者快速重新產生創意變化的輸出，而 Next Steps 則專注於繼續對話。

In many ways, Regen Tweaks and Next Steps support similar functions. However, they support

diametrically opposite workflows: Regen Tweaks is focused on helping users quickly regenerate the

output for creative variation, and Next Steps is focused on continuing the conversation.

護欄

Guardrails



最後，如果不提到護欄，對 LLM 設計模式的討論就不完整。（我將在本章中簡要提及

護欄，作為人工智慧偏見和道德討論的一部分，在本書的第 4 部分中更深入地探討了它們。

Finally, the discussion of LLM design patterns would not be complete without mentioning

Guardrails. (I will mention Guardrails only briefly in this chapter; they are explored in more depth in

Part 4 of the book as part of the AI bias and ethics discussion.)

圖 9.12 Midjourney 是使用 Regen Tweaks 進行創意生成流程的一個很好的例子

Figure 9.12 Midjourney is a great example of a creative generation flow with Regen Tweaks

來源：Midjourney 中用 AI 生成

Source: Generated with AI in Midjourney



LLM 護欄的一個範例是內容審核。例如，人工智慧助理可能會被編程為避免產生或宣傳

有害內容，例如仇恨言論、露骨材料或非法活動指令。這些護欄有助於確保人工智慧提供安

全且適當的回應，符合道德標準和使用者期望。例如，Midjourney

將拒絕顯示包含色情、暴力和死亡的圖像。同樣，ChatGPT

將抵制提供“暴力不當行為的指示”。我說「抵制」是因為沒有 LLM/Gen AI

能夠完美地抵制聰明而持久的查詢工程。

One example of Guardrails for an LLM is content moderation. For instance, an AI assistant may be

programmed to avoid generating or promoting harmful content like hate speech, explicit material, or

instructions for illegal activities. These Guardrails help ensure that the AI provides safe and appropriate

responses, aligning with ethical standards and user expectations. For example, Midjourney will resist

showing images containing pornography, violence, and death. In the same way, ChatGPT will resist

providing “instructions for violent wrongdoing.” I say “resist” because no LLM/Gen AI will be

able to perfectly resist clever and persistent query engineering.

例如，圖 9.13 顯示了 ChatGPT o1-preview 拒絕向使用者提供燃燒彈的配方。

For example, Figure 9.13 shows ChatGPT o1-preview resisting giving the user the recipe for a

Molotov cocktail.

然而，透過稍微改變查詢以提供您可能想要此資訊的合理理由並善意詢問，同一模型很

容易產生「請求收集歷史資訊」（圖 9.14）。

However, by changing the query just slightly to provide a plausible reason why you might want this

information and asking nicely, the same model yields easily due to “request to gather historical

information” (Figure 9.14).



圖 9.13 ChatGPT o1-preview

成功抵制給出配方，原因是「不允許的內容」專注於「暴力不當行為」

Figure 9.13 ChatGPT o1-preview successfully resists giving the recipe due to “disallowed

content” focused on “violent wrongdoing”

來源：ChatGPT 中使用 AI 生成

Source: Generated with AI in ChatGPT

圖 9.14 ChatGPT o1-preview 給出稍微複雜的查詢的答案

Figure 9.14 ChatGPT o1-preview yields the answer to a slightly more sophisticated query

來源：ChatGPT 中使用 AI 生成

Source: Generated with AI in ChatGPT



類似的例子已經記錄在案，當請求者聲稱需要學術論文的資訊或學習如何保護組織免受

此類威脅時，誘騙法學碩士為病毒和其他邪惡軟體應用程式提供軟體程式碼。儘管法學碩士

在識別自己的護欄方面很“聰明”，但聰明的人類操作員（或越來越多地來自專門的對抗性

法學碩士的信息收集攻擊）通常可以成功檢索被禁止的信息。哦，美麗的新世界，裡面有這

樣的人（法學碩士？

Similar examples have been documented that trick LLMs into providing software code for viruses

and other nefarious software applications when the requester claims to need the information for an

academic paper or to learn how to defend the organization against such threats. As “smart” as LLMs

are at recognizing their own Guardrails, clever human operators (or increasingly, information-gathering

attacks from specialized adversarial LLMs) can often be successful at retrieving forbidden information.

O brave new world that has such people (LLMs?) in it!

事實是，一旦資訊成為 LLM 資料集的一部分，如今根本無法對該資訊強制執行

RBAC（基於角色的存取控制）。如果查詢正確，LLM

資料的任何部分都可能隨時公開給任何一方。如果您想要真正私有的

LLM，請在鎖定的雲端運算資源機器中實例化單獨的 AI

模型，並透過控制對該資源的存取來控制 LLM 的輸出。

The truth is that once information is part of the LLM dataset, today there is simply no way to

enforce RBAC (role-based access control) to that information. Given the right query, any part of the

LLM’s data might be exposed to any party at any time. If you want a truly private LLM, instantiate a

separate AI model in a locked-down machine of cloud compute resource and control the LLM’s

output by controlling access to that resource.

便條

NOTE

以目前的技術水平，根本無法保證某些數據將保持真正的“私密”，例如，在所有條件

下都無法訪問。

With the current level of technology, there is simply no way to guarantee that some data will remain

truly “private,” e.g., inaccessible under all conditions.



如果 LLM

針對特定類型的資料輸出進行特別微調或預先提示，事情會變得容易一些。例如，在 Power

BI 的情況下，要求「刪除魷魚」或「描述西海岸 IPA

的風味」的使用者可能會失敗，因為該資訊不包含在業務資料集中。

Things get a little easier if the LLM is specially fine-tuned or pre-prompted for a specific style of data

output. For example, in the case of Power BI, the user asking to “remove squid” or “describe the

flavor of West Coast IPA” will likely simply fail, as that information is not contained in the business

dataset.

在所有情況下，都值得花時間建立護欄和特定協定，以說明生成式 AI

將顯示和不會顯示的內容，並明確指定如何處理被拒絕或格式錯誤的請求。

In all cases, it’s worth the time to establish Guardrails and specific protocols for what the gen AI

will and will not display and specify explicitly how to deal with denied or malformed requests.

設計練習：嘗試 LLM 模式

Design Exercise: Try Out the LLM Patterns

在先前的 UI 設計練習中，我們繪製了 Copilot 的行動線框圖，並新增了幾個有用的報告

。現在，讓我們透過新增重述、自動完成、對講、初始建議、後續步驟和護欄來增強我們的

Copilot 設計。使用本章中的範例，集思廣益並勾勒出您新的和改進的 Copilot

體驗。考慮以下事項：

In the previous UI design exercises, we sketched the mobile wireframes of our Copilot and added

several useful reports. Now let’s augment our Copilot design by adding Restating, AutoComplete,

Talk-Back, Initial Suggestions, Next Steps, and Guardrails. Using examples in this chapter, brainstorm

and sketch your new and improved Copilot experience. Consider the following:

1. 您的流程是否更接近對話？如果是，請使用 [後續步驟]。Is your flow closer to a

conversation? If so, use Next Steps.

2. 或者，你的心流更像是一種創造性的再生嗎？在這種情況下，請使用 Regen

Tweaks。Alternatively, is your flow more of a creative regeneration? In that case, use Regen

Tweaks.



3. 哪些最有可能違反您的政策或服務條款的要求？What are the most likely requests that

might violate your policies or terms of service?

4. 使用者可能會問您的應用程式是否有任何不適當的問題？您的申請應該如何回應？Are

there any inappropriate questions that the user might ask your application? How should your

application respond?

如果您需要靈感，請看以下範例。在完成自己的設計練習之前，不要繼續下一章。

If you need inspiration, look at the following example. Do not proceed to the next chapter until you

complete your own design exercise.

設計練習範例：「Life Copilot Plus」

Design Exercise Example: “Life Copilot Plus”

繼續上一章的生命時鐘/「生命副駕駛」設計練習，讓我們新增本章中討論的一些複雜

的設計功能。由於我們的使用案例流程更接近我們假設 LLM

輸出和分析正確的對話，因此我們將使用後續步驟功能，而不是 Regen

調整。下面提供了重新設計的移動線框圖。

Continuing our Life Clock/“Life Copilot” design exercise from the previous chapter, let’s add

some of the sophisticated design features discussed in this chapter. As our use case flow is closer to a

conversation where we assume the LLM output and analysis is correct, we will be using the Next Steps

feature instead of the Regen Tweaks. Reworked mobile wireframes are provided below.

回想一下，在第 7 章「SaaS Copilot

設計的使用者體驗最佳實踐」的線框圖中，我們已經有一些初步建議（圖 9.15 左側的線框圖

）。現在，我們可以新增更複雜的「初始建議」，其中包含通常在一天中的特定時間（例如

午餐時間）新增的食物和運動選項。在圖 9.15 右側的線框圖中，我在橫向捲軸輪播中使用了

圖片和文字，以加快常見項目的輸入速度，使其更加有趣——僅僅因為這是一個 LLM

驅動的 Copilot 產品，並不意味著我們必須只堅持文字！

Recall that in the wireframe from Chapter 7, “UX Best Practices for SaaS Copilot Design,” we

already had some Initial Suggestions (wireframe on the left in Figure 9.15). Now we can add more

sophisticated Initial Suggestions that contain foods and exercise options commonly added during the

specific time of day (e.g., lunch time). In the wireframe on the right in Figure 9.15 I used pictures and



text in a side-scrolling carousel to speed up the entry of common items and make it more fun—just

because this is an LLM-driven Copilot product doesn’t mean we have to stick only to text!

圖 9.15 左圖：第 7 章的簡單建議。右圖：響應一天中時間的新的和改進的建議。

Figure 9.15 Left Image: Simple suggestions from Chapter 7. Right Image: New and improved

suggestions that respond to time of day.

如果使用者選擇輸入而不是點擊初始建議之一（或使用相機輸入他們的餐點），他們會

看到最近條目的歷史記錄，然後是自動完成頁面，其中包含基於先前輸入的熱門食物的建議

。在使用者選擇自動建議「蘆筍魚」並執行查詢後，產生的頁面會透過重述來確認他們的選

擇（見圖 9.16）。

If the user chooses to type instead of clicking on one of the initial suggestions (or using the camera

to input their meal), they see the history of recent entries, followed by the Auto-complete page with

suggestions based on the previously entered and popular foods. After the user chooses the



Auto-suggestion “fish with asparagus” and runs the query, the resulting page confirms their choice via

Restating (see Figure 9.16).

圖 9.16 「Life Copilot」應用程式背景下的歷史記錄、建議、重述和後續步驟

Figure 9.16 History, Suggest, Restating, and Next Steps in context of the “Life Copilot” app

需要注意的幾點：

A few things to note:

1. 將此流程與第 7 章中基於相機的輸入流程進行比較。你注意到最後一個畫面上的份量

計數器了嗎？我們需要它，因為我們沒有使用詢問欄通過文本輸入部分。Compare

this flow to the camera-based entry flow from Chapter 7. Did you notice the portion counter on

the last screen? We need it because we did not enter the portions via text using the Ask bar.

2. 自動完成中的斜角箭頭可讓使用者輸入查詢，如圖所示，並繼續輸入，而不是執行查

詢。這加快了複雜查詢的資料輸入速度，並節省了金錢和運算頻寬，這在人工智慧驅

動的應用程式中通常非常寶貴。Angled arrows in Auto-complete allow users to enter the

query as shown and keep typing instead of running the query. This speeds up data entry for

complex queries and saves money and computational bandwidth, which is often at a premium in

AI-driven applications.



3. 在此情況下，「後續步驟」會顯示為按鈕 [記錄] 和

[嘗試另一個]。這些按鈕與我們在第 7 章的設計中使用的按鈕相同。In this case, Next

Steps appear as buttons [Log It] and [Try Another]. These are the same buttons we had in the

design in Chapter 7.

回想一下第 7 章，我們已經引入了一個版本的 Talk-Back，當用戶決定輸入可能縮短其壽

命的不健康食物時（早餐吃甜甜圈後午餐吃意大利辣香腸披薩作為午餐），因此我們不需要

在這裡複製它。

Recall from Chapter 7 that we already introduced a version of Talk-Back as coaching advice when

the user decides to enter unhealthy food that will likely shorten their lifespan (pepperoni pizza for lunch

after consuming doughnuts for breakfast), so we don’t need to replicate it here.

最後，如果使用者輸入 Life Copilot

無法幫助他們的東西，例如燃燒彈的配方，護欄應該會啟動（見圖 9.17）。

Finally, should the user enter something that Life Copilot cannot help them with, like a recipe for

Molotov cocktail, the Guardrails should kick in (see Figure 9.17).

這個設計使用花哨的紅色下劃線文字來表明“燃燒彈”不是一個有效的關鍵字。當用戶

堅持詢問燃燒彈時，副駕駛溫和地拒絕了，同時暗示用戶可能是在尋找莫吉托？如果是這樣

，也許用戶已經喝了足夠的雞尾酒供晚上使用......

This design is using the fancy red-underlined text to show that “molotov” is not a valid keyword.

When the user insists on asking about the Molotov cocktail, the Copilot gently refuses, while suggesting

that possibly the user was looking for a Mojito instead? And if so, maybe the user already had enough

cocktails for the evening ⋯



圖 9.17 AI 內容護欄範例

Figure 9.17 Example of AI content Guardrails

現在輪到你了！繼續將一或多個進階 LLM 模式

（重述、自動完成、對講、建議、後續步驟、再生調整和護欄） 新增至您自己的設計。

And now it’s your turn! Go ahead and add one or more of the advanced LLM

patterns—Restating, Auto-Complete, Talk-Back, Suggestions, Next Steps, Regen Tweaks, and

Guardrails—to your own design.

給自己 10 分鐘的時間進行此練習。在完成繪圖之前不要翻頁。記住，我在看著你......

Give yourself 10 minutes for this exercise. Do not turn the page until you have finished your

drawing. Remember, I am watching you ⋯


