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Abstract

Large Language Model (LLM) agents pro-
duce rich, multi-step trajectories that interleave
observations, internal reasoning, and tool ac-
tions. However, most evaluation pipelines fo-
cus solely on end-task success, leaving the
agent’s decision-making process opaque and
poorly understood. We introduce AgentDi-
agnose, an open-source, modular framework
for diagnosing agent trajectories. The present
release fully supports the web domain, and
AgentDiagnose is architect as an extensible,
open platform with compatibility for most
agent trajectories. AgentDiagnose consists of
(i) an evaluation module that quantifies five
core agentic competencies—backtracking &
exploration, task decomposition, observation
reading, self-verification, and objective qual-
ity—and (ii) a visualization module that high-
lights trajectory semantics through t-SNE ac-
tion embeddings, interactive word clouds, and
state-transition timelines. On a set of 30 manu-
ally annotated trajectories, our automatic met-
rics achieve a mean Pearson correlation of 0.57
with human judgments, rising to 0.78 for task
decomposition. Furthermore, filtering the 46k-
example NNetNav-Live dataset with AgentDi-
agnose and fine-tuning a Llama-3.1-8B model
on the top 6k trajectories improves WebArena
success rates by 0.98, despite using only 13%
of the original data. AgentDiagnose thus serves
as both a diagnostic lens for agent analysis and
a practical tool for curating higher-quality train-
ing data. The toolkit and demo are publicly
available.'?

1 Introduction

Large Language Model (LLM) agents are rapidly
gaining traction in domains such as web navigation
(Xu et al., 2025; Murty et al., 2025), GUI automa-
tion (Xie et al., 2024; Qin et al., 2025), software en-
gineering (Wang et al., 2025; Jimenez et al., 2024),

1https ://AgentDiagnose.live/
2https ://github.com/oootttyyy/AgentDiagnose

social interaction (Jhamtani et al., 2025), and even
healthcare (Tang et al., 2024).

Unlike traditional models that produce a sin-
gle output, LLM agents operate over multi-
step interaction trajectories. Each trajec-
tory interleaves external observations, inter-
nal reasoning steps, and executable actions,
producing an output sequence of the form:
T = {(o1,71,0a1), (02,72,a2), ..., (0n,Tn,an)},
where o; represents the observation at step ¢, 7;
the agent’s reasoning, and a; the resulting action.
These trajectories can span hundreds or thousands
of steps (Anthropic, 2025), making it difficult to
analyze what drives an agent’s success or failure.

Existing agent evaluation pipelines focus primar-
ily on whether an agent completes a task success-
fully. While this outcome-oriented evaluation is
useful, it leaves the agent’s decision-making pro-
cess opaque. Inspection tools such as AgentXRay
(Murty et al., 2024) and AgentOps (AgentOps-Al,
2025) present step-level breakdowns of trajectories,
visualizing the agent’s observations, reasoning, and
actions. However, they mainly provide readable re-
plays of what the agent did, rather than diagnosing
how well the agent reasoned about the task or how
effectively it corrected mistakes along the way.

Complementary to these, evaluator frameworks
such as AgentEval (LangChain-Al, 2025) judge
an agent’s trajectory against a reference solution,
often using an LLM-as-a-judge. These approaches
provide holistic scores but require gold-standard
trajectories for comparison and overlook agent-
internal competencies such as task decomposition
or exploration.

In this paper, we introduce AgentDiagnose, an
open-source diagnostic toolkit designed to fill this
gap. AgentDiagnose helps researchers and prac-
titioners go beyond success/failure judgments and
surface key properties of agentic behavior. It con-
sists of two core modules: 1) Evaluation mod-
ule: Automatically scores five agentic competen-
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0001 Ask for advice about gift for birthday in a subreddit for relations 12 actions Score: 0.000
Step 1: type
Step1
TYPE
fill('55", 'relationships
birthdays gift
Step 2
CLICK
click(170%) OBSERVATION
Step 3 .. (8 lines above) ...
[41] list '', visible
UNKNOWN [42] listitem '', visible
o [43] link 'Forums' (ll(kable visible, url="http://metis.lti.cs.cmu.edu:9999/forums"
go_back() [44] listitem '', visil
[45] Link "Wiki’ cllckable visible, url="http://metis.1ti.cs. cmu. edu:9999/wiki'
Step 4 [55] searchbox 'Search query', clickable, visible
SCROLL .. (812 lines below) ...
scroll(0, 100)
REASONING
Step 5 :
Let's think step-by-step. The objective is to ask for advice about a gift for a birthday in a subreddit for relations. However, the current webpage does not provide
any information about subreddits or gift-related advice. The page has a search box with the id "55". | can type a query in the search box to look for a subreddit
related to relationships. According to the given information, | can type "relationships birthdays gift" in the search box. In summary, the next action | will perform is
**“type [55] [relationships birthdays gift] [1]"**

Figure 1: Overview of dashboard. cshows selecting points of interests in semantic embedding plot. eshows

selecting on phrases of interests in word cloud. Selecting in Oand ewill display corresponding trajectories in

trajectory_viewer o eshows navigation graph. ethe trajectory_view panel displays details of all trajectories

with evaluator scores summaries.

cies—backtracking & exploration, task decompo-
sition, observation reading, self-verification, and
objective quality—without requiring reference tra-
jectories. 2) Visualization module: Provides inter-
active plots (e.g., t-SNE embeddings, word clouds,
state transition timelines) that make it easy to ex-
plore semantic patterns in trajectories and pinpoint
problematic behaviors.

We demonstrate AgentDiagnose’s utility both as
an analytical tool and as a data selection pipeline.
Automatic trajectory scores correlate well with hu-
man annotations (mean Pearson » = 0.57, up to
0.78 for task decomposition). Furthermore, fine-
tuning an LLM agent on AgentDiagnose-filtered
high-quality trajectories from the NNetNav-Live
dataset leads to a significant performance boost: a
Llama-3.1-8B model trained on only the top 13%
of trajectories outperforms one trained on the full
dataset. In summary, AgentDiagnose provides a
much-needed microscope for diagnosing agentic
reasoning and offers practical levers for improving

dataset quality and agent performance.

2 Related Work

Trajectory Inspection and Monitoring : A
number of tools have been developed to visual-
ize and monitor agent trajectories. For example,
AgentLab’s “Agent X-Ray” interface (Chezelles
et al., 2025), IBM’s “Agent Trajectory Explorer”
(Desmond et al., 2025), OpenHand’s “Trajectory
Visualizer” (All-Hands-Al, 2025) provide step-by-
step replay of an agent’s interactions with a web en-
vironment, showing each observation, the agent’s
intermediate reasoning, and the action taken. Simi-
larly, these inspection frameworks focus on render-
ing the raw trajectory in a human-readable form,
often as a sequence of browser screens or tool API
calls with the agent’s thoughts. In parallel, agent
observability platforms like AgentOps (AgentOps-
Al 2025), SEAVIEW (Bula et al., 2025) emphasize
monitoring metrics and logging each decision step.
AgentOps provides a developer dashboard to trace
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agent behavior and detect anomalies or policy vi-
olations in real time. However, while these tools
excel at presenting or recording the trajectory, they
do not analyze the agent’s decision-making quality
beyond basic logging. For instance, they typically
do not quantify how well an agent backtracked
from errors or whether its plan was well-structured
— gaps that our work aims to fill.

Trajectory Evaluation Frameworks : Beyond
visualization, recent efforts have looked at eval-
uating the quality of agent trajectories. One ap-
proach is to compare the agent’s sequence of ac-
tions against an expected or ideal sequence for
the task. AgentEvals (Chase and Contributors,
2023), Vertex Al Agent Eval (Google Cloud, 2025)
are frameworks that automates such comparisons.
It can perform a trajectory match evaluation or
use an LLM-as-a-judge to score how closely an
agent’s trajectory aligns with a reference solution.
This method provides a holistic success measure
of a trajectory when a reference is available. Our
proposed toolkit differs by diagnosing trajectories
along general-purpose dimensions without needing
a predetermined correct sequence.

3 AgentDiagnose

AgentDiagnose can be used as a terminal tool or a
visualization dashboard. It consists of two modules.
(1) An evaluation module that gives a numeric eval-
uation score on key properties of trajectories. (2)
A visualization module that directly displays key
properties that are difficult to quantize into scores.

Key Trajectory Metrics Trajectories contain
rich information that can be easily buried in the
long chain of observation, reasoning, and actions.
For instance, agents’ adeptness in exploring alter-
natives (Shen et al., 2025) is a key measure of an
agent’s ability but it is not immediately clear how
good an agent is in this regard just by looking at
the raw sequence of steps. AgentDiagnose sup-
ports adding customized evaluators to access any
property of interest. And as an example, we imple-
mented five such evaluators to expose key agentic
properties from trajectories as listed in Figure 2:

* Backtracking and Exploration: explor-
ing alternatives is a key aspect of good
agents. AgentDiagnose measures and ex-
poses how good an agent is in backtracking
when it heads into a wrong path. AgentDiag-
nose looks for patterns of backtracking and
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Backtrack and Explore
How well does the agent know to go back
to previous pages and try alternatives?

Observation Reading
How well does the agent understand the
observations it gets?

Self-Verification
How well does the agent verify its results?

Objective Quality

How clear and actionable are the goals?

)
CQ
Q)

Task Decomposition
How thoroughly does the agent break down
complex tasks into manageable steps? ®

&
=

)

Figure 2: Description of key trajectory properties.

exploration in agents’ sequence of actions
and their corresponding reasoning. It uses
a designed criterion to assign numeric scores
based on the patterns it has identified.

Task Decomposition: knowing how to best
decompose complex tasks into manageable
sub-tasks is a key ability of successful agents
(Prasad et al., 2023). Most of the decompo-
sition happens at the first step, but studies
have shown that revisiting and updating plans
as agent interacts with the environment fur-
ther improves performance. To help expose
agents’ abilities to decompose tasks, Agent-
Diagnose finds patterns in reasoning traces
of the trajectory and assign numeric scores
with our evaluation criteria. It exposes agents’
abilities in decomposing complex tasks into
manageable steps.

Self-verification: AgentDiagnose measures
how well the agent is in self-verifying its
course of actions against the task goal. Self-
verification is beyond checking if the final an-
swer is satisfying the task requirement. Rea-
soning within each step of execution should
reflect agent’s awareness of the overarching
goal.

Observation Reading: correctly finding the
right information from the observation is a
major challenge for agents (Cheng et al.,
2024). AgentDiagnose helps evaluate on the



agents’ abilities to correctly understand the
observation and capture relevant information.

* Objective Quality: the clarity and actionabil-
ity of the task goal are a deciding factor in a
trajectory’s quality. Without a well-defined
goal, it is difficult to determine how well the
agent has completed the task. AgentDiag-
nose also utilizes a scoring criterion to mea-
sure how clear and actionable an objective
is.

Key Property Visualizer However, not all in-
formation is best suited to be summarized by a
numeric score. For instance, to understand the ac-
tion distribution of agents, a t-SNE embedding plot
of action verbs provides a more comprehensive
view (van der Maaten and Hinton, 2008). Agent-
Diagnose comes with a visualizer that displays
trajectories’ intrinsic information through a combi-
nation of t-SNE embedding plots, word cloud, and
timeline plots.

AgentDiagnose provides methods to extract out
action verbs and nouns within agents’ reasoning
as shown in Figure 1 o Currently AgentDi-
agnose has six options built in: root verbs, root
nouns, root verb-noun pairs, all verbs, all nouns,
and all verb-noun pairs. Verbs and nouns are ex-
tracted from agents’ reasoning using Berkeley Neu-
ral Parser (benepar) (Kitaev et al., 2018). They are
embedded with embedding models of choice, with
the default being Qwen3-Embedding-0.6B (Zhang
etal., 2025). AgentDiagnose generates t-SNE plots
for each embedding. Users can select areas of inter-
est on the semantic embedding plot. Once selected,
users can inspect further on the trajectories of in-
terests in the oview_trajectory tab, as shown in
Figure 1.

AgentDiagnose also provides word cloud visu-
alization on various components in agents’ output.
As shown in Figure 1 9, users can view the root
verb, root noun, and root verb-noun pairs in the
form of word cloud. In addition to action terms,
AgentDiagnose builds word cloud for n-grams of
reasoning output of agents. User can customize
n-grams of n to display in a word cloud to uncover
patterns in agents’ reasoning. Similar to t-SNE
plots, AgentDiagnose’s word cloud supports selec-
tion of any one or multiple of the phrases in the
word cloud to display their corresponding trajecto-
ries in the view_trajectory tab.

As shown in Figure 1 e, AgentDiagnose pro-

vides visualization of navigation paths within tra-
jectories for direct view of the state transitions in
each trajectories. Each color block on the time-
line represents a state (a URL in this case), while
each dot represents an action performed while in
this state. Agent behaviors such as backtracking
and parallel exploration can be easily identified
through this view.

4 Usage Cases
4.1 Curate High Quality Trajectories

Backtrack & Explore

15
€10
3
2 +
V5
0 . : ; :
1 2 3 4
Score

Goal: Find the best Peloton bike seat.

Step 9:

Let's think step-by-step. We've already browsed through Peloton Bike
accessories on Amazon and sorted them by price. We also seem to
have visited a product page with 2,826 ratings. ... We can see that its
value is 'Peloton Bike accessories', which confirms our search

query. However, to determine if we're looking at the best product, we
need to analyze the product's details and possibly other customer
reviews. Since | couldn't find any extra details about the product in this
accessibility tree and | also can't find the 'next' button for looking at
other products, | think it's good idea to go back and try a different
search term or sort option. In summary, the next action | will perform is
B e

Figure 3: Top: Backtrack & explore score distribution
from the evaluator. Bottom: corresponding step that
exhibits exploratory behavior.

The automatic evaluator of key properties is a
fast way to identify strengths and weaknesses on
a trajectory sample. AgentDiagnose’s evaluator is
implemented both as a python extension that can be
invoked with a single command line in the terminal,
as shown in 1, and as a part of the dashboard for
visualization. Upon running the evaluator, results
are immediately stored locally. Users can further
choose to spawn them as interactive bar plots in
separate tabs in the visualization dashboard. One
use-case of the evaluated scores is to filter for high
quality training data. Here we show an example of
evaluation results. As seen in Figure 3, this set of
trajectories exhibits nice backtracking and explo-
ration ability, with most of the scores in the threes
and fours. As in shown in the detail reasoning, one
such trajectory demonstrates the agents’ intent to
explore additional Peloton products to make sure
it is finding the “best one.”
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Objective Quality

10

. (B
(A

0 T T T T
1 2 3 4

Score
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Find the source code or model information for a text analysis
deep learning model and navigate through its related models or
academic papers.

Find a nearby Italian restaurant with a price range of $ and
rating of at least 4.5 stars.

Figure 4: Top: Objective quality score distribution from
the evaluator. Bottom: corresponding objectives that
are scored above.

Evaluation on objective quality of the batch in-
dicates objective of this batch has mixed quality.
As shown in Figure 4, around half of the objec-
tives in the batch have scores of ones and twos.
Corresponding objectives are shown in the figure.
Higher scores of objective correspond to more ac-
tionable and specific task objectives. Objective
Q, as shown in the figure, does not have a clear
end goal and therefore is not a good training sam-
ple. Based on these scores, we are able to select
high quality training data that demonstrates good
backtrack and explore behaviors as well as high
quality task objectives. Users can further display
the plots on dashboard. To select and view the tra-
jectories of a particular score, users can select score
ranges on the bar plot displayed in the dashboard,
corresponding trajectories will then be displayed
in the view_trajectory tab. As users go through
the trajectories, a mini-panel of scores will also
be displayed for reference, as shown in Figure 1.
Detailed scoring criteria are shown in Appendix A.

4.2 Visualize Intrinsic Properties
We follow the trajectory inspection paradigm:

* Rapidly skim trajectories to identify emerging
patterns.

* Select key patterns for detailed, in-depth anal-
ysis.

AgentDiagnose provides methods to visualize vari-
ous intrinsic properties of trajectories that would
otherwise buried in sequence views.

Embedding Plot As shown in (1) of Figure 1,
users can inspect clustering of actions verb-noun

Trajectory openweb_351

Length: 11 Backtracks: 2 Unique URLs: 4 Domain Transitions: 0

m search’ results login login
° ° ° ° °

Figure 5: Screenshot of the navigation graph.
embeddings. For example, when an agent fails in

setting up GitLab projects, users want to inspect
trajectories that involved handling GitLab projects.
To do so, they can select from the embedding plot
as in (1) of Figure 1, on the semantic embeddings
surrounding the point of “set project”. Surround-
ing the point of “set project” are points of “create
project”, “fork project” etc. By selecting this re-
gion, users can pull up the corresponding trajecto-
ries in the view_trajectory page for detailed inves-
tigation. Semantic embedding plot allows users to
scan through patterns and easily focus on any inter-
esting semantic patterns and their corresponding
trajectories.

Word Cloud As shown in (2) of Figure 1, users
can use word clouds to identify common patterns
in an agent’s reasoning. AgentDiagnose supports
word cloud for actions and n-grams in reason-
ing. In the example of (2) Figure 1, verb-noun
pairs in agents’ reasoning are displayed by their
frequencies of appearance. We can see the verb-
noun pair “create project” has appeared frequently.
We can click on any one or multiple of the tabs
to display their corresponding trajectories in the
view_trajectory tab.

Listing 1: Command-line to run evaluator.

I python evaluate_trajectories.py \
2 --input ./input.json \

3 --scorers reasoning_quality \

4 objective_quality \

5 navigation_path \

6 --output-json output.json

Navigation Graph Users can use navigation
path to quickly spot navigation-related errors. As
shown in (3) of Figure 1, the navigation path ab-
stracts out the state transitions from the trajectories
so it is clear where the agent has been. One use
case is to identify navigation-related errors. In the
example shown Figure 5, the failed trajectory of
openweb_351 is stuck in a loop between login and
search page. Considering that the agent has used
search page successfully early in the trajectory, the
possible error may be in handling login page. The
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Dimension r p T

backtrack & explore 0.39 0.43 0.36
task decomposition  0.78 0.86 0.76
observation reading  0.62 0.63 0.60
self-verification 0.56 0.58 0.55
objective quality 0.54 0.61 0.56
Overall 0.57 0.62 0.56

Table 1: Correlation coefficients (Pearson r, Spearman
p, Kendall 7) between human annotated scores and
evaluator’s on five key properties.

abstraction view of navigation path allows users
to quickly scan through the path agent has taken
within each trajectory.

5 Evaluation

5.1 Compare to Human Evaluation

To evaluate the accuracy of our evaluator, we man-
ually annotated 30 trajectories on the five key prop-
erties and compare with the model evaluated scores.
We give the same input of agent reasoning-action
sequence and scoring criteria to both the model
and annotator. We measured the agreement with
Pearson (Pearson, 1895), Spearman (Spearman,
1904), and Kendall-Tau correlation coefficients
(Kendall, 1938). Overall, AgentDiagnose’s evalua-
tor achieves a 0.57 Pearson correlation coefficient,
0.62 Spearman correlation and 0.56 Kendall-Tau
correlation, as shown in Table 1. Overall, it show-
cases a positive correlation between human scoring
and AgentDiagnose’s evaluator scoring. In particu-
lar, agreement rate is the highest in the case of task
decomposition, reaching 0.78 Pearson correlation,
showing that task decomposition behavior is rela-
tively easy to identify and differentiate. In contrast,
backtracking and exploration only reaches a 0.39
Pearson correlation, indicating the intrinsic diffi-
culty in extracting agents backtracking behaviors
and evaluating their precision and correctness.

5.2 Improve Agent Performance With
AgentDiagnose

AgentDiagnose’s evaluator act as effective training
data selector. We experimented by fine-tuning on
the full NNetNav-Live dataset and a high qual-
ity subset selected by AgentDiagnose’s evalua-
tor. We applied AgentDiagnose’s evaluator on
the 46k training samples of the NNetNav-Live
dataset, using Gemini2.5-pro as the LLM judge
(Gemini Team, Google, 2025), and we selected

[ llama3.1-8B-46k
[ llama3.1-8B-top-6k

oo 46k
—~ J.U] o, —_
3 8.7% 240
§8.5' E
o
©8017.8% £ 20
A sl & 6k
0

Figure 6: Comparison of WebArena success rate(left)
and number of samples used in training(right) by
llama3.1-8B-46k and llama3.1-8B-top-6k.

6k top scoring samples as our high quality sub-
set. Following the setup in NNetNav, we finetuned
a LLama3.1-8B model on our high quality sub-
set and evaluated on WebArena with browserGym
(Zhou et al., 2023), (Chezelles et al., 2025). Re-
sults are shown in Figure 6: llama3.1-8B-top-6k
outperforms llama3.1-8B-46k despite only using
13% of the training samples. llama3.1-8B-top-6k
achieves 0.98 higher success rate than Llama-3.1-
8B -46k. With AgentDiagnose evaluator’s filtering
ability, it could act as data quality controller in
training data collection and provide valuable sig-
nal on trajectory’s quality beyond the success and
failure measurement.

6 Conclusion

We demonstrated AgentDiagnose, an open-source
framework that brings much-needed diagnostic vis-
ibility to the rapidly growing field of LLM agents.
By coupling a lightweight, LLM-powered evalua-
tion module with an interactive visualization mod-
ule, AgentDiagnose exposes five critical competen-
cies: backtracking & exploration, task decompo-
sition, observation reading, self-verification, and
objective quality—that are largely invisible to tra-
ditional trajectory inspectors. And by improving
agent’s performance on web navigation task, we
showcase our trajectory-centric quality signals can
translate directly into performance gains.

7 Limitations

AgentDiagnose is designed primarily with web-
navigation tasks in mind. Its applicability to other
use cases, such as coding, as well as multimodal
settings.

Current AgentDiagnose’s evaluator system lever-
ages LLM-based evaluation. Future iterations
could improve reliability by training specialized
evaluators with fine-grained human annotations.
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8 Ethics Statement

Human annotation Thirty trajectories were an-
notated for the correlation study. Annotators are
college student volunteers. No demographic at-
tributes beyond language proficiency were col-
lected. The task required no sensitive information.

Broader Impact By shining light on how agents
reason, rather than solely whether they succeed,
AgentDiagnose can help researchers identify fail-
ure modes, debug unsafe behaviors, and design
more transparent systems.
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A Evaluation Criteria

Backtracking (1-4): How well does the agent know to go back to previous pages and try alteratives?
- 4: Excellent - The agent accurately recognizes when it has taken a wrong path and take explicit
actions to go back to a previous page to try alteratives

- 3: Good - The agent takes explicit actions to go back to try alteratives most of the time when it
takes a wrong path

- 2: Mediocre - The agent has considered going back or trying alteratives, but has made mistakes in
doing so

- 1: Poor - The agent has never considered trying alternatives or going back to previous states

- N/A: There is not a need to go back to previous states because the agent has taken the right path
throughout the trajectory

L J

Task decomposition (1-4): How thoroughly does the agent break down complex tasks into manageable
steps?

- 4: Excellent - The agent breaks down complex tasks into detailed steps that cover the entire task
- 3: Good - The agent breaks down complex tasks, but not in all cases or leaves out steps

- 2: Mediocre - The agent breaks down complex tasks, but in very poor way

- 1: Poor - The agent makes no attempt in breaking down complex tasks

\ J

Observation reading (1-4): How well does the agent understands the observations it gets?

- 4: Excellent - The agent summarizes the observation accurately in each step and immediately notice
the important information on the page

- 3: Good - The agent summarizes the observation in each step, but sometimes misses important
information

- 2: Mediocre - The agent only summarizes the observation in some steps

- 1: Poor - The agent almost never summarizes the observation

\ J

Self-verification (1-4): How well does the agent verify its results?

- 4: Excellent - The agent checks carefully on its results against the objective throughout the
trajectory

- 3: Good - The agent checks its results against the objective sometimes, but has room to improve.
If it has done better checking, it could have done better on the task

- 2: Mediocre - The agent shows signs of attempting to verify its results

- 1: Poor - The agent never verifies its results against the objective

L J

Objective-quality (1-4): How clear and actionable are the goals?

- 4: Excellent - Objective contains clear, specific, actionable goals with concrete success criteria
- 3: Good - Objective is mostly actionable with some clear goals

- 2: Mediocre - Objective has a mix of actionable elements and vague exploratory elements

- 1: Poor - Objective is entirely about exploration with no concrete targets

\ J
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