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Abstract
Data-analytic agents must iteratively gener-
ate and execute code while interpreting real-
time feedback to refine their analytical strate-
gies. Existing training paradigms decouple the
agent’s policy from the underlying environment
dynamics, producing agents that learn to re-
cover from errors rather than to avoid them:
failure rates rise alongside recovery rates, and
interaction turns inflate as agents resort to trial-
and-error exploration. We introduce DataSight,
a framework that internalizes environment dy-
namics by making the model’s anticipation
of execution outcomes an explicit, structured
output accompanying every generated action.
DataSight first enriches expert trajectories with
foresight prediction fields grounded in real exe-
cution feedback, then applies a dual-stage RL
curriculum that calibrates prediction fidelity be-
fore optimizing long-horizon task performance,
and at inference time intercepts anticipated fail-
ures before physical execution. Trained on
only 7,273 trajectories, DataSight-4B surpasses
both DataMind-7B and DeepAnalyse-8B in av-
erage accuracy, while DataSight-8B achieves
64.13% Avg@3 across four benchmarks with
Pass@3 of 74.81%, approaching DeepSeek-
V3.2 at 75.56%. Analysis confirms that fore-
sight training generalizes across non-reasoning
backbones and SQL-based tasks, improving
both single-step code quality and multi-turn
interaction efficiency.

1 Introduction

Data-analytic agents must iteratively generate code,
execute it against structured data files, and interpret
real-time execution feedback to progressively re-
fine their analytical strategies (GLM-5-Team et al.,
2026; Team et al., 2026). Unlike single-turn code
generation, this multi-turn interaction requires the
agent to maintain coherent analytical plans while
responding to unpredictable execution outcomes
across successive turns.

†Corresponding author.
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Figure 1: Behavioral analysis of three training
paradigms on Qwen3-1.7B. Top: training without fore-
sight exhibits weak failure-avoidance capability. Bot-
tom: this inflates interaction turns and rollout length.
DataSight reduces failures while achieving high recov-
ery and efficient interaction with less tokens.

Existing training paradigms, whether through
imitation of expert trajectories or constrained ac-
tion exploration, decouple the agent’s policy from
the underlying environment dynamics: agents learn
what to do next given what they have observed,
but never internalize what will happen as a result
of their actions. As illustrated in Figure 1, un-
tuned ReAct agents exhibit weak performance in
both action generation and environment perception.
Training without foresight (SFT followed by RL)
only strengthens action generation. This asymme-
try leaves them deficient in both error avoidance
and error resolution: on TableBench, the failure
rate even rises slightly (32.11%→34.87%) despite
improved recovery; on DABench, over a third of
execution steps still fail. Each avoidable failure in-
jects erroneous observations into the context, com-
pounding errors across subsequent turns.

Recent efforts have begun to address this gap by
embedding environment dynamics implicitly into
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model parameters, for instance training agents to
predict next states as a warm-up before policy op-
timization (Zhang et al., 2025a; Yu et al., 2026).
While such approaches provide useful initializa-
tion, the model’s anticipatory reasoning becomes
latent once training transitions to the policy phase,
where it can neither be directly shaped by reward
signals nor inspected at inference time. We take
a different approach: rather than treating environ-
mental understanding as a latent prior, we make
the model’s anticipation of execution outcomes an
explicit, structured output accompanying every gen-
erated action. This unlocks two capabilities that
latent approaches cannot support: the alignment
between predicted and actual outcomes becomes a
directly optimizable training signal during RL, and
the model’s own predictions become actionable dur-
ing inference, enabling the agent to intercept likely
failures before code is submitted to the interpreter.

We introduce DataSight, a framework that in-
ternalizes environment dynamics into the agent’s
policy. DataSight first enriches expert trajectories
with structured foresight fields grounded in real ex-
ecution feedback, training the agent to predict exe-
cution outcomes alongside its actions. A dual-stage
RL process then calibrates this predictive capabil-
ity: the first stage jointly rewards action correct-
ness and prediction fidelity, while the second stage
drops the prediction constraint, allowing the policy
to freely optimize long-horizon task performance
atop the calibrated world model. At inference time,
the agent evaluates its own foresight after gener-
ating each action; when failure is anticipated, the
action is intercepted and regenerated before any
interpreter call is made.

Trained on 7,273 trajectories, DataSight-8B
achieves 64.13% Avg@3 across four benchmarks,
outperforming DeepAnalyse-8B by 7.41% with
Pass@3 of 74.81% approaching DeepSeek-V3.2 at
75.56%. Compared to an action-only baseline on
the same data, DataSight reduces interaction turns
by 2.82 while improving accuracy by 13.33% on
TableBench and DABench.

Our contributions are threefold:

• We empirically reveal across multiple bench-
marks that training without foresight yields
agents with limited error-avoidance and error-
resolution capabilities: without learning to
anticipate execution consequences, agents can
neither effectively preempt failures nor effi-
ciently recover from them.

• We propose a foresight-augmented training
paradigm that requires the agent to explicitly
predict execution outcomes alongside its ac-
tions. A dual-stage RL curriculum first cal-
ibrates prediction fidelity against real inter-
preter feedback, then optimizes long-horizon
task performance upon the calibrated world
model.

• We propose the Predict-and-Intercept infer-
ence framework, which leverages internalized
foresight to intercept potentially erroneous ac-
tions before physical execution, reducing con-
text contamination and improving reasoning
robustness under residual inference-time un-
certainty.

2 Related Work

2.1 Data Analysis Agents
The development of LLM-based data analysis
agents has evolved through three paradigms (Gu
et al., 2026). Prompt-based approaches rely on
architectural design and workflow orchestration,
including case-based reasoning (Guo et al., 2024),
multi-agent decomposition (Li et al., 2024), pre-
defined workflows (Zhang et al., 2024; Nam et al.,
2025; Sun et al., 2025; Liu et al., 2025), and dy-
namic graph-based planning (Hong et al., 2025).
Fine-tuning-based methods instill domain knowl-
edge through specialized datasets, such as Jupyter
notebooks (Li et al., 2026b) and table-specific cor-
pora (Wu et al., 2025; Hu et al., 2024). RL-based
methods further enable self-exploration through
sandbox interaction: DeepAnalyse (Zhang et al.,
2025b) performs cold-start SFT on ∼500k trajecto-
ries before RL, while DataMind (Qiao et al., 2026)
jointly optimizes SFT and RL losses to mitigate ex-
ploration collapse. Despite these advances, existing
methods train agents to map observed states to ac-
tions without internalizing the causal link between
actions and their environmental consequences.

2.2 Learning from Environment Feedback
Agent interaction with environmental feedback
is central to autonomous data analysis. Exist-
ing approaches follow three directions: prompt-
based frameworks use environmental feedback as
in-context guidance for error correction (Madaan
et al., 2023; Shinn et al., 2023; Yao et al., 2023);
World model methods train separate predictive
models for trajectory simulation (Li et al., 2026c;
Liu et al., 2026) or rollout guidance (Qiao et al.,
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Figure 2: Overview of the DataSight framework. Left: foresight trajectory construction with dual-track annotation.
Middle: foresight-augmented training paradigm. Right: Predict-and-Intercept (PnI) inference, where the agent’s
foresight is parsed before execution and likely-failing actions are intercepted and regenerated.

2024; Gu et al., 2025); Parametric integration
methods embed environmental knowledge into pol-
icy parameters as a cold-start prior (Yu et al., 2026;
Zhang et al., 2025a) or through on-policy distil-
lation (Hübotter et al., 2026; Wang et al., 2026;
Li et al., 2026a; Ye et al., 2026). However, these
methods either decouple environmental prediction
from policy execution or implicitly compress it
into parameters, making anticipatory reasoning nei-
ther directly optimizable nor accessible at inference
time. DataSight addresses both limitations by ex-
ternalizing foresight as an explicit prediction field
ft jointly generated with each action, enabling di-
rect training via a step-level consistency reward
and direct inference-time interception of predicted
failures.

3 Method

3.1 Problem Formulation

We formulate the data analysis task as a goal-
oriented interaction u = ⟨q,F , a⟩, where q is the
user query, F is a set of data files, and a is the target
answer. An LLM agent πθ interacts with a Python
interpreter through Thought-Action-Observation
cycles, generating reasoning τt and code action αt

at each step t, with observation ot as execution feed-
back. We denote the input context as x = (q,F)
and the complete trajectory as y ∼ πθ(· | x).

Standard training operates over trajectories of
(τt, αt, ot) tuples, optimizing the agent to produce
correct actions conditioned on prior observations.
DataSight extends this by introducing a foresight

field ft at each step, forming (τt, αt, ft, ot). The
foresight field ft is generated by the policy be-
fore execution occurs, anticipating the execution
outcome that ot will reveal. It encapsulates both
step-wise execution feasibility and long-horizon
impact assessment of the current action, serving
three roles: as a training target during SFT, as a
reward anchor during RL, and as a decision signal
during inference. An overview of the framework is
shown in Figure 2.

3.2 Foresight-Augmented Trajectory
Construction

The foresight field must satisfy three constraints:
it must be verifiable against actual execution out-
comes to enable reward computation, informative
enough to anticipate failures for inference-time in-
terception, and free of information leakage of post-
execution values to prevent hallucination. We con-
struct foresight-augmented trajectories from 7,273
expert segments in the DataMind dataset (Qiao
et al., 2026), using Qwen3-30B-A3B (Yang et al.,
2025a) as the teacher model conditioned on the
interaction history and real execution feedback.

Successful Steps. We first mask specific numeri-
cal values and column names in the interpreter out-
put to prevent information leakage, then provide the
masked result to the teacher model. The generated
foresight field contains four structured sub-fields:
intent (action purpose), state_prediction (pre-
dicted logical state changes in future tense, with-
out concrete values), contribution (how this step
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advances the overall goal), and status_check
(explicit confirmation of execution feasibility).
The status_check field serves as an anchor for
downstream consistency evaluation during RL and
inference-time interception.

Failed Steps. The teacher model receives
the actual error log and generates a fore-
sight field with: intent (intended action
logic), failure_analysis (categorized diag-
nosis mapping errors to specific code lines),
root_cause (concise failure summary), and
correction_suggestion (actionable fix for the
next step).

3.3 Foresight Training

Foresight SFT. We fine-tune a base LLM on the
constructed expert demonstrations Dforesight to ob-
tain an initial policy π0. During training, we apply
a completion mask to the actual interpreter returns,
forcing the model to concurrently learn executable
code generation and environmental impact predic-
tion. This warm-up phase establishes the founda-
tional capability to produce functional code within
structured tags, followed by a foresight prediction
field, and to manage multi-turn interaction between
internal reasoning, code generation, foresight, and
environmental feedback.

Dual-Stage Predictive Calibration. Since SFT
data primarily consists of expert demonstrations,
the policy needs to align its own generated actions
with corresponding state predictions. A direct tran-
sition to outcome-only RL would leave this mis-
calibration uncorrected, as the reward provides no
gradient on the quality of individual predictions.
We therefore implement a two-stage RL process
using GRPO (Guo et al., 2025) to progressively
calibrate foresight and task performance.

The first stage (Calibration RL) jointly opti-
mizes action quality and step-wise prediction fi-
delity. We design a logic consistency reward Rcons
that evaluates the alignment between the model’s
foresight fi and the actual interpreter observation
oi at each turn:

Rcons =

∑T
i=1 I(logic_match(fi, oi))

T
(1)

where I(·) is the indicator function and T
is the total number of interaction turns.
logic_match(fi, oi) is implemented as a bi-
nary classification by an external LLM judge.

The Stage 1 reward combines both signals:
R1 = Racc +Rcons.

The second stage (Outcome RL) retains only
the accuracy reward R2 = Racc, releasing the
prediction constraint to allow the policy to pur-
sue long-horizon task success upon the calibrated
world model. The accuracy reward incorporates a
length penalty to encourage concise trajectories:

Racc =





1, if correct and l ≤ L

max
(
0.5, 1− l−L

L

)
, if correct and l > L

0, otherwise
(2)

where l is the trajectory length and L is a predefined
length bound. We update the policy parameters θ
by optimizing the GRPO objective with a clipped
objective:

L(θ) = −E [min (ρθA, clip(ρθ, 1− ϵ, 1 + ϵ)A)] (3)

where ρθ = πθ(a|s)
πθold

(a|s) is the importance sampling
ratio, and A represents the relative advantage cal-
culated within each group of sampled outputs.

3.4 Predict-and-Intercept Framework
During inference, after the agent generates an ac-
tion αt, the system parses the accompanying fore-
sight field ft to evaluate predicted executability. If
ft indicates a potential failure or does not confirm
successful execution, the action is intercepted be-
fore any interpreter call and the agent regenerates
with additional reflection. This loop continues until
either a success is predicted or a maximum of k
regeneration attempts is reached.

Unlike standard retry mechanisms, interception
happens before execution, blocking erroneous ob-
servations from polluting dialogue history. This
preemptive correction avoids the reactive pathol-
ogy of executing, failing, observing and then recov-
ering.

4 Experiments

4.1 Experimental Setup
Implementation Details. We implement
DataSight on Qwen3-1.7B, 4B, and 8B (Yang
et al., 2025a) backbones using the DataMind-
12k (Qiao et al., 2026) dataset. SFT is conducted
with LlamaFactory (Zheng et al., 2024) and
RL with verl (Sheng et al., 2025). Following
DAPO (Yu et al., 2025), we disable KL divergence
and set ϵhigh = 0.28, ϵlow = 0.2. Inference is
capped at 10 interaction rounds with top_p = 0.95
and temperature = 0.7. Full hyperparameters
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Method TableBench DABench FinQA DSbench Average

Avg@3 Pass@3 Avg@3 Pass@3 Avg@3 Pass@3 Avg@3 Pass@3 Avg@3 Pass@3

Deepseek-V3.2 67.75 75.96 90.91 96.89 70.79 80.03 39.02 49.36 67.12 75.56
Kimi-K2 72.13 79.57 92.04 96.89 53.27 74.54 36.27 46.50 63.43 74.38
Qwen-2.5-7B-Coder 43.75 62.08 49.81 78.99 17.79 30.60 12.30 18.67 30.90 47.59
TableLLM-8b 3.87 9.37 6.61 14.40 10.70 23.45 11.44 24.46 8.16 17.92
TableGPT2-7B 37.02 62.08 59.15 83.27 21.47 44.64 14.16 26.80 32.95 54.20
Table-R1-zero-8B 19.41 35.78 61.48 72.76 19.58 30.17 16.74 27.04 29.30 41.44
DataMind-7B 66.85 78.56 81.43 95.33 48.10 74.46 16.53 29.83 53.23 69.55
DeepAnalyse-8B 62.98 76.41 77.47 91.05 49.91 66.87 36.52 45.71 56.72 70.01

Base: Qwen3-1.7B

ReAct 18.45 36.57 31.39 59.53 21.42 39.41 9.86 19.20 20.28 38.68
Foresight-SFT 45.90 63.77 65.89 81.71 24.82 48.47 10.30 22.10 36.73 54.01
Calibration-RL 52.60 69.41 70.69 86.38 36.59 62.69 15.67 28.33 43.89 61.70
Outcome-RL 54.97 69.41 74.65 89.11 40.01 65.65 17.81 30.26 46.86 63.61
Outcome-RL + PnI 55.42 69.53 75.62 89.49 41.18 66.00 20.10 30.69 48.08 63.93

Base: Qwen3-4B

ReAct 40.58 62.64 62.78 86.38 41.35 60.07 12.96 24.47 39.42 58.39
Foresight-SFT 58.56 71.14 82.75 91.83 43.16 67.31 21.46 31.33 51.48 65.40
Calibration-RL 64.48 76.07 85.08 93.00 50.51 72.80 25.46 38.41 56.38 70.07
Outcome-RL 65.69 77.43 86.14 93.77 54.81 75.76 27.77 40.77 58.60 71.93
Outcome-RL + PnI 67.30 78.44 86.27 93.77 56.18 76.29 30.54 42.49 60.07 72.75

Base: Qwen3-8B

ReAct 63.66 72.23 80.54 88.01 45.91 64.86 23.82 35.83 53.48 65.23
Foresight-SFT 67.23 77.54 87.55 95.33 56.06 77.24 24.39 34.33 58.81 71.11
Calibration-RL 68.80 78.33 89.62 95.33 57.75 76.63 25.25 35.84 60.36 71.53
Outcome-RL 69.26 79.46 88.33 95.33 63.27 79.08 27.92 39.27 62.20 73.29
Outcome-RL + PnI 69.42 79.68 88.46 96.11 64.17 78.38 34.48 45.06 64.13 74.81

Table 1: Main results on four benchmarks. Avg@3: average accuracy over 3 runs; Pass@3: pass rate with at least
one correct answer over 3 runs. All the results are reproduced in our unified execution environment using officially
released model weights. All methods without PnI operate under the identical ReAct interaction protocol: the agent
observes execution feedback (including errors) at each turn and may attempt corrective actions in subsequent turns.

and data preparation details are provided in
Appendix B.

Evaluation Protocol. We evaluate DataSight
across four data-analytic benchmarks:
TableBench (Wu et al., 2025), DABench (Hu
et al., 2024), FinQA (Chen et al., 2021), and
DSBench (Jing et al., 2024), spanning tasks from
financial reports to ModelOff competitions. To
rigorously assess file-interaction capabilities, we
extract tables originally embedded in prompt
contexts into standalone data files, requiring the
model to retrieve information via code execution.
We employ DeepSeek-V3.2 (DeepSeek-AI et al.,
2025b) for final answer verification and report
Avg@3 and Pass@3 to measure both average
accuracy and generative robustness.

Baselines. We compare DataSight against
a diverse set of state-of-the-art method-
ologies: (1) Generalist Frontiers, including
Kimi-K2 (Team et al., 2026) and DeepSeek-

V3.2 (DeepSeek-AI et al., 2025b) ; (2) Spe-
cialized Small Models specifically fine-tuned
for data-analytic task: Qwen2.5-7B-coder-
Instruct (Hui et al., 2024),TableLLM (Zhang et al.,
2025c),TableGPT2 (Su et al., 2024),TableR1 (Yang
et al., 2025b),DataMind (Qiao et al., 2026) and
DeepAnalyse (Zhang et al., 2025b);

4.2 Main Results

Table 1 summarizes results across four benchmarks.
DataSight yields consistent improvements at ev-
ery training stage and model scale. Trained on
merely 7k curated trajectories, DataSight-4B sur-
passes both DataMind-7B and DeepAnalyse-8B
in average Avg@3 by 6.84% and 3.35% respec-
tively. Scaling to 8B, DataSight achieves 64.13%
average Avg@3, outperforming DeepAnalyse-8B
by 7.41%, with its Pass@3 of 74.81% approach-
ing DeepSeek-V3.2 at 75.56%. On TableBench,
DataSight-8B attains a Pass@3 of 79.68%, sur-
passing all models including frontier APIs. At the
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1.7B scale, DataSight elevates the average Avg@3
from 20.28% under untuned ReAct to 48.08%,
a gain of over 27 percentage points that demon-
strates the effectiveness of internalizing environ-
ment dynamics under severely constrained model
capacity. Each training stage contributes consis-
tent gains: Foresight-SFT establishes a strong base,
Calibration-RL improves prediction fidelity, and
Outcome-RL pushes task accuracy to its peak.

PnI yields further improvements on top of
Outcome-RL across all scales, with the most
pronounced gains on DSBench: +2.29% (1.7B),
+2.77% (4B), and +6.56% (8B) in Avg@3. On aver-
age across four benchmarks, PnI improves Avg@3
by 1.22%, 1.47%, and 1.93% for 1.7B, 4B, and 8B
respectively, with the scaling trend indicating that
stronger internalized world models produce more
reliable foresight for interception.

4.3 Ablation Study

Model Config TableBench DABench

Avg@3 Turns Avg@3 Turns

1.7B
DataSight 54.97 4.73 74.65 4.25
w/o Foresight 49.17 6.09 72.91 5.08
w/o Calibration 52.53 5.03 71.44 4.20

4B
DataSight 65.69 4.47 86.14 3.98
w/o Foresight 52.93 7.30 72.24 6.79
w/o Calibration 60.03 5.15 83.06 4.33

Table 2: Ablation study on foresight prediction field and
Calibration-RL, evaluated on Qwen3-1.7B and 4B with
the same ReAct interaction protocol without PnI.

Effect of Foresight Prediction Field. As shown
in Table 2, removing the foresight prediction field
(w/o Foresight) causes the most severe degradation:
Avg@3 drops by 5.80% (1.7B) and 12.76% (4B)
on TableBench, alongside a marked rise in interac-
tion turns (4.73→6.09 and 4.47→7.30), indicating
that without explicit environment-dynamics model-
ing, the model resorts to inefficient trial-and-error
exploration. This is further by Figure 3, where
w/o Foresight variant exhibits consistently lower
entropy and reward throughout training. The di-
rect GRPO baseline shows the lowest entropy and
reward ceiling of all, reflecting suppressed explo-
ration.

Effect of Calibration-RL. Removing Calibra-
tion RL (w/o Calibration) incurs a milder but con-
sistent drop of 2.44% and 5.66% on 1.7B and 4B
respectively on TableBench. Figure 4 reveals the

Metric Stage 2 Precision Recall F1

Trajectory level Retain Rcons 45.83 98.61 62.58
Release Rcons 52.05 99.94 68.45

Action level Retain Rcons 88.40 98.42 93.14
Release Rcons 79.24 99.52 88.23

Table 3: Foresight prediction quality under two calibra-
tion strategies with Qwen3-4B on FinQA. Trajectory
level measures alignment between predictions and final
task outcomes; Action level measures per-step predic-
tion consistency with interpreter feedback.

underlying cause: without the foresight consistency
reward, per-step predict scores remain consistently
low throughout training, whereas DataSight main-
tains high predict scores from Stage 1 and sustains
them into Stage 2. This persistence indicates that
step-level prediction fidelity, once established, is
preserved even after the explicit prediction reward
is removed. Table 3 further reveals a critical trade-
off. Retaining Rcons throughout both stages yields
higher action-level F1 (93.14 vs. 88.23) but lower
trajectory-level F1 (62.58 vs. 68.45) and task ac-
curacy (Avg@3: 51.27 vs. 54.81). Persistent pre-
diction supervision drives the model toward con-
servative, easily-predictable actions, sacrificing the
exploratory steps necessary for long-horizon task
success. Releasing Rcons in Stage 2 frees the policy
to leverage its calibrated world model for more am-
bitious exploration, recovering both trajectory-level
coherence and downstream performance.

5 Analysis

Having established that DataSight improves accu-
racy and efficiency, we now ask three deeper ques-
tions about what foresight training learns.

SFT Configuration TableBench DABench Avg Tokens

(a) Action only 47.62 64.33 55.98 2,188
(b) + Interpreter 45.67 66.01 55.84 2,030
(c) + Think + Pred. 47.63 65.50 56.57 1,987
(d) + Pred. (Ours) 50.34 64.98 57.66 2,033
(e) +Shuffled Pred. 46.82 61.07 53.95 2,195

(f) status only 48.29 62.36 55.33 2,067
(g) w/o contribution 48.01 65.11 56.56 2,141

Table 4: SFT output structure and foresight sub-field
ablation on Qwen3-1.7B. Predict fields are suppressed
at inference for fair comparison.

How is foresight internalized into parameters?
Table 4 reports results of Qwen3-1.7B fine-tuned
on 7,273 trajectories for one epoch. Adding raw
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DataSight pipeline; w/o Align: without Calibration-RL.

interpreter outputs (b) introduces hallucination
on unseen data, slightly degrading performance.
Foresight-SFT (d) outperforms the think+predict
variant (c) by 1.09%, suggesting that the verbose
think field dilutes foresight learning. Shuffling fore-
sight labels across samples (e) drops to 53.95%,
confirming the model leverages semantic content
rather than structural regularization. Sub-field abla-
tions show that both status alone (f, 55.33%) and
removing contribution (g, 56.56%) degrade perfor-
mance, indicating each sub-field contributes. No-
tably, all foresight variants maintain comparable
token consumption to the action-only baseline, con-
firming that environment dynamics are internalized
into parameters rather than encoded as inference-
time overhead. After RL, this translates to lower
inference cost: DataSight reduces rollout length
from 3,034 to 2,837 tokens (TableBench) and 2,685
to 2,477 (DABench) despite generating additional
foresight fields, as fewer interaction turns more
than compensate for per-step overhead.

To further test whether this internalization im-
proves fundamental code quality, we evaluate on
DS-1000 (Lai et al., 2023), where each task re-
quires a standalone code snippet without multi-turn
interaction (Table 5). DataSight achieves cumula-

DS-1000 Matplotlib Numpy Pandas Scipy

1.7B SFT w/ Action 34.2 2.7 5.2 8.5
1.7B DataSight 51.0+16.8 5.5+2.8 3.8-1.4 6.6-1.9

4B SFT w/ Action 45.2 21.4 13.4 15.1
4B DataSight 58.1+12.9 21.8+0.4 17.9+4.5 20.8+5.7

8B SFT w/ Action 56.8 30.5 18.6 19.8
8B DataSight 60.6+3.8 27.3-3.3 19.2+0.6 28.3+8.5

Table 5: DS-1000 single-step code generation results.

tive gains of +16.3%, +23.5%, and +9.6% across
data science libraries for 1.7B, 4B, and 8B mod-
els respectively, confirming that foresight training
improves the quality of individual code generation,
not only multi-turn strategy.
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Figure 5: Recover Strategy Analysis on Qwen3-1.7B.
Foresight training encourages more informed recovery
strategies rather than blind retries.

Beyond single-turn code quality, we exam-
ine how foresight training improves robustness
in multi-turn interactions. Using DeepSeek-
V3 (DeepSeek-AI et al., 2025b), we classify re-
covery behaviors into five categories (Figure 5).
Foresight training leads to more effective self-
correction. Notably, DataSight strongly favors Re-
inspect Data, achieving a success rate of 89.1%
(vs. 58.2% for SFT+RL). Meanwhile, reliance on
Retry Same is substantially reduced (16% → 6%),
indicating fewer redundant retries. These results
suggest that modeling environment dynamics en-
ables the agent to adopt more informed recovery
strategies, leading to more robust and efficient error
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Figure 6: Foresight-SFT generalization to non-thinking
models on DABench with Avg@3 metric. ⃝ and ⋆
denote action-only SFT and Foresight-SFT respectively.

Does Foresight Training Generalize Across
Backbones? We apply Foresight-SFT to
LLaMA-3.2-3B-Instruct (Grattafiori et al., 2024)
and Qwen2.5-7B-Coder (Hui et al., 2024) using
trajectories constructed by Qwen3-30B-A3B (Yang
et al., 2025a). As shown in Figure 6, both models
yield more substantial accuracy gains than
thinking-capable backbones, with LLaMA-3.2-
3B-Instruct and Qwen2.5-7B-Coder improving
by +17.33% and +5.83% on DABench Avg@3
respectively. Interpreter failure rate drops by 17.53
and 14.28 percentage points while recovery rate
increases by 7.02 and 19.31 percentage points,
confirming that foresight training effectively
instills environment dynamics understanding
independent of long chain-of-thought pretraining,
and that Qwen3-constructed trajectories transfer
well across diverse backbone families.
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Figure 7: Interpreter execution latency distribution on
BIRD (Qwen3-8B). Left: all executions; Right: failed
executions. Dashed lines indicate median latency.

Does Foresight Training Transfer Across Execu-
tion Environments? We construct 4,721 trajec-
tories for SQLite-based tasks and evaluate on the
BIRD (Li et al., 2023) benchmark, where the agent
autonomously retrieves database schemas, executes
multi-turn SQL queries and saves final results to
CSV files for evaluation. We fine-tune Qwen3-8B
with foresight and action-only trajectories respec-
tively, yielding average accuracy of 54.23% and

Configuration Avg@3

w/o Foresight Training
Standard 52.93
+ Sample-k (Random, k=3) 53.01
+ Self-Check + Retry (k=3) 51.06

DataSight
w/o PnI 65.69
w/ PnI (k=3) 67.30

Table 6: Ablation on inference-time strategies (4B,
TableBench). Retry baselines use the model trained
without foresight.

51.17%. As shown in Figure 7, foresight train-
ing reduces median execution latency from 0.29s
to 0.23s and substantially eliminates high-latency
outlier executions (16 vs. 9 exceeding 32s). The
effect is most pronounced for failed executions
(median: 0.53s → 0.31s, outliers exceeding 48s:
8 → 1), indicating that internalized environment
dynamics help the model avoid issuing costly ill-
formed queries. This demonstrates that foresight
training transfers beyond Python-based data anal-
ysis to SQL environments, with benefits in both
accuracy and computational efficiency.

How Effective Is Predict-and-Intercept? Ta-
ble 6 isolates the contribution of inference-time
retry mechanisms from foresight training. Equip-
ping the w/o Foresight model with Sample-k
(+0.08%) or Self-Check + Retry (-1.87%) yields
negligible or even negative gains, indicating that
naive retry strategies cannot compensate for the
lack of anticipatory reasoning. The self-check vari-
ant even hurts performance by introducing unre-
liable filtering without calibrated prediction. In
contrast, DataSight without PnI already achieves
65.69%, a 12.76% improvement attributable en-
tirely to foresight training under the identical ReAct
interaction protocol. PnI provides a further 1.61%
gain, confirming that the primary contribution lies
in training-time internalization of environment dy-
namics, not inference-time retry opportunities.

As shown in Figure 8, PnI increases TP count
from 83 to 99 on 1.7B, 135 to 163 on 4B, and 166
to 211 on 8B, while TN count drops from 48 to 11,
26 to 6, and 25 to 2 respectively. Interception ef-
fectively shifts trajectory outcomes toward success
by catching likely-failing actions before execution.
More analysis is provided in Appendix F.
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6 Conclusion

We presented DataSight, a training and inference
framework that internalizes environment dynam-
ics into data-analytic agents through foresight-
augmented trajectory construction, dual-stage pre-
dictive calibration, and predict-and-intercept infer-
ence. Behavioral analysis reveals that conventional
action-only training produces agents that recover
better from more frequent failures rather than pre-
empting them, a pathology that DataSight directly
addresses by making anticipatory reasoning an ex-
plicit, trainable, and actionable output. Experi-
ments across four benchmarks demonstrate sub-
stantial improvements over base models, with gains
of over 27 percentage points on Qwen3-1.7B and
10 percentage points on Qwen3-8B relative to un-
tuned ReAct baselines. Foresight training further
transfers effectively to non-reasoning backbones
and SQL-based tasks, confirming the generality of
the approach.

Limitations

Our work has several limitations. First, the fore-
sight consistency reward Rcons relies on an LLM-
based judge to evaluate alignment between predic-
tions and execution outcomes, introducing both
computational overhead and potential evaluation
noise during RL training. To assess judge reliabil-
ity, we manually verified 500 randomly sampled
(fi, oi) pairs and observed 97% agreement with
human annotations (Cohen’s κ = 0.94), confirm-
ing that judge noise is negligible for reward signal
construction. Developing more efficient and deter-
ministic consistency metrics would reduce this de-
pendency. Second, our evaluation focuses on data
analysis tasks with Python and SQL execution en-
vironments; whether foresight training yields simi-
lar benefits in other agentic domains such as web
navigation or API orchestration remains to be val-

idated. Third, our trajectory construction relies
on a strong teacher model (Qwen3-30B-A3B) to
generate foresight annotations, and the quality of
these annotations likely bounds the effectiveness of
downstream training. Investigating self-generated
foresight without teacher supervision is a promis-
ing direction for future work.
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Appendix

A Algorithm Pipeline

The complete procedure is summarized in Algo-
rithm 1.

Algorithm 1 DataSight Training
Require: Base LLM πbase, Expert dataset Dforesight, Environ-

ment E , Input File F
Ensure: Optimized Policy π∗

// Phase 1: Foresight SFT
1: πθ0 ← SFT(πbase,Dforesight) ▷ Joint learning of ⟨τ, α, f⟩

// Phase 2: Dual-Stage Reinforcement Learning
2: for stage s ∈ {1, 2} do
3: for iteration t = 1, . . . , T do
4: H0 ← {q,F}, C0 ← ∅
5: for step k = 1, . . . ,K do
6: (τk, αk, fk) ∼ πθt(· | Hk) ▷ Generate

reasoning, action, foresight
7: Ck ← Ck−1 ⊕ αk

8: ok ← E(Ck) ▷ Execute and observe
9: Hk+1 ← Hk ∪ {(τk, αk, fk, ok)}

10: if ok is Failure then
11: Ck ← Ck−1 ▷ Rollback erroneous code
12: end if
13: if αk ∈ FinalAnswer or k = K then
14: break
15: end if
16: end for

// Reward Computation
17: Rcons ← 1

K

∑K
k=1 I(logic_match(fk, ok)) ▷

Eq. 1
18: Racc ← I(correct) · rlen ▷ Eq. 2
19: if s = 1 then ▷ Calibration RL
20: R← Racc +Rcons
21: else ▷ Outcome RL
22: R← Racc
23: end if
24: θt+1 ← GRPO(θt, R) ▷ Eq. 3
25: end for
26: end for
27: π∗ ← πθT

B Implementation Details

Data Preparation. We extract 7,273 multi-turn
interaction trajectories from the DataMind-12k
dataset (Qiao et al., 2026), retaining the original
Kaggle-sourced files and corresponding questions.
For the dual-stage RL training, we filter out sam-
ples whose ground-truth answers are descriptive
long-form reports, as these are prone to misjudg-
ment by LLM-based reward models. This yields
6,328 trajectories for RL training. The remaining
945 filtered samples are used exclusively for warm-
up SFT on the Qwen3-1.7B model (2 epochs),
while the 4B and 8B models are trained on the
full 7,273 trajectories for 2 epochs to better learn
the interaction format.

SFT Configuration. We use LlamaFac-
tory (Zheng et al., 2024) for SFT training with a
learning rate of 1× 10−5, warmup ratio of 0.1, and
cosine decay schedule.

Hyperparameter Value

RL Training
Train Batch Size 64
PPO Mini-Batch Size 16
PPO Micro-Batch Size (per GPU) 4
Rollout Group Size N 4
Rollout Engine sglang
Training Epochs 2
Learning Rate 1× 10−6

LR Warmup Steps 20
Weight Decay 0.1
Grad Clip 1.0
Loss Aggregation token-mean
Clip Ratio Low 0.2
Clip Ratio High 0.28
Use KL Loss False
KL Coef 0.0
Max Turns 10

Sequence Lengths
Max Prompt Length 2048
Max Response Length 8192
Max Observation Length 2048
Max Answer Length(length bound L) 1024

Sampling
Training Temperature 0.7
Training top-p 1.0
Validation Temperature 0.7
Validation top-p 0.95

Table 7: RL training hyperparameters for Qwen3-1.7B
and Qwen3-4B. For Qwen3-8B, batch size is increased
to 128.

RL Configuration. We use the VeRL frame-
work (Sheng et al., 2025) for reinforcement learn-
ing. Following DAPO (Yu et al., 2025), we set
clipping thresholds ϵhigh = 0.28 and ϵlow = 0.2,
with KL divergence disabled to encourage explo-
ration. Each prompt generates N = 4 rollout tra-
jectories for group-relative advantage estimation.
Training proceeds for one epoch for each stage(99
steps) with a learning rate of 1 × 10−6, warmup
of 20 steps, weight decay of 0.1, and train batch
size of 64. For both training and validation, we
use temperature = 0.7 and validation top-p = 0.95.
Maximum interaction turns are capped at 10. Full
hyperparameters are listed in Table 7.

Hardware. For Qwen3-1.7B and 4B models, we
train on 2× NVIDIA RTX PRO 6000 (96GB)
Blackwell Server Edition GPUs. For the 8B model,
we use 8× Ascend 910B (64GB) with batch size
increased to 128 for improved GPU utilization.
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Inference Metrics. Let Fτ = {t ∈ τ :
exec(at) ̸= success} denote the failed steps in
trajectory τ . We define:

Failure Rate =

∑
τ |Fτ |∑
τ |τ |

(4)

Recovery Rate =
|{τ : Fτ ̸= ∅ ∧ correct(τ)}|

|{τ : Fτ ̸= ∅}|
(5)

Agentic Code-based Rollout To ensure stabil-
ity and efficiency during online rollout, we imple-
ment an asynchronous execution which prevents
synchronized spikes in file I/O and computational
load. For each task, we maintain an isolated exe-
cution directory that is purged upon completion to
ensure environment cleanliness.

In terms of trajectory management, we only ap-
pend successfully executed code snippets to the
historical code context. If the agent fails to pro-
duce valid code or a final answer, we trigger a
regenerated attempt via prompting.

C Dataset and Benchmarks

DataMind-12K DataMind-12K is a high-quality
trajectory dataset for data-analytic agent train-
ing (Qiao et al., 2026). It is constructed through
a scalable synthesis pipeline that first collects di-
verse data files (.csv, .xlsx, .sqlite) from public
sources such as Kaggle and existing Text-to-SQL
benchmarks, then generates queries across 18 fine-
grained task categories using a recursive easy-to-
hard composition mechanism. Expert trajectories
are sampled using DeepSeek-V3.1 (DeepSeek-AI
et al., 2025a), followed by self-consistency fil-
tering with GPT-4o-mini and rule-based quality
checks. The final dataset comprises 11,707 high-
quality trajectories spanning multiple domains, task
types, and file formats. Experiments confirm that
DataMind-12K has no overlap with any of the test
benchmarks.

TableBench TableBench (Wu et al., 2025) is a
real-world table question answering benchmark
containing 886 human-annotated samples across
18 subcategories. In our evaluation, we extract the
tabular data from each instance and save it as a sep-
arate file, allowing the agent to autonomously ex-
plore the table through code-based environment in-
teractions rather than relying on prompt-embedded
table content.

DABench InfiAgent-DABench (Hu et al., 2024)
is the first benchmark designed to evaluate LLM-
based agents on data analysis tasks. It contains

DAEval, a dataset comprising 257 data analysis
questions derived from 52 real-world CSV files,
along with an agent framework for evaluation.

FinQA FinQA (Chen et al., 2021) is a dataset
for numerical reasoning over financial reports, con-
taining 8,281 expert-annotated QA pairs (1,147 in
the test set). In our evaluation, we extract each
accompanying table from the financial report and
save it as a separate CSV file, allowing the agent to
autonomously explore and query the tabular data
through code-based environment interactions.

DSBench DSBench (Jing et al., 2024) is a com-
prehensive data science benchmark designed to
evaluate data science agents on realistic tasks. It
contains 466 data analysis tasks sourced from Mod-
elOff competitions, which require agents to answer
financial data analysis questions by fully under-
standing the data and question intent. In our eval-
uation, we focus specifically on the data analysis
portion of DSBench, where we assess the agent’s
ability to correctly answer these questions. To
avoid overestimating performance from shortcut
reasoning, we adopt a strict scoring protocol: for
tasks with accompanying tabular files, answers are
considered correct only when the agent explicitly
analyzes the provided table through code execution.
Responses that arrive at the correct answer with-
out inspecting the table file are excluded from the
reported accuracy.

DS-1000 DS-1000 (Lai et al., 2023) is a code
generation benchmark with 1,000 data science
problems spanning seven Python libraries, sourced
from StackOverflow. It features realistic problem
contexts, multi-criteria execution-based evaluation,
and proactive perturbation to defend against memo-
rization. Our evaluation focuses on its data analysis
capabilities, specifically on the four core libraries:
Pandas, NumPy, Matplotlib, and SciPy.

BIRD BIRD (Li et al., 2023) is a large-scale
text-to-SQL benchmark designed for real-world
database scenarios. The test set contains 1,789
text-to-SQL pairs across 15 databases, with a total
database size of 33.4 GB spanning 37 professional
domains. It emphasizes database value compre-
hension, external knowledge reasoning and SQL
execution efficiency.
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Figure 9: Taxonomy of Simulated Failures in Expert
Trajectories.

D Foresight Trajectory Construction.

We constructed a high-quality trajectory dataset
consisting of 7,273 foresight-augmented instances.
This dataset encompasses a total of 19,661 success-
ful interaction turns and 407 failures deliberately
retained or simulated to provide diverse negative
supervision.

As illustrated in Figure 9, the interpreter failures
within these trajectories are categorized into two
primary types to facilitate robust error-learning:
(i) Syntax Errors, which involve structural code
flaws such as indentation and grammatical mis-
takes, and (ii) Runtime Errors, which include
ValueError, KeyError, AttributeError, and
other logic-related exceptions that occur during ac-
tual execution. By grounding the <predict> fields
in both successful and erroneous outcomes, the
dataset forces the model to internalize the causal
relationship between its actions and environmental
feedback. A detailed raw instance showcasing the
structure of these foresight labels is provided in
Case Study D.

Case: Foresight Trajectory

[USER QUESTION]
Does the treatment duration have a causal effect on the

↪→ treatment outcome for Typhoid Fever patients,
↪→ when controlling for factors like age, symptoms
↪→ severity, and current medication?

<think>
To answer this question, I need to analyze whether

↪→ treatment duration has a causal effect on
↪→ treatment outcome... Let me start by loading and
↪→ inspecting the data.

</think>

<code>
import pandas as pd
df = pd.read_csv('data/files/DRP-for-Typhoid-Fever.csv')
print("Columns in the dataset:")
print(df.columns.tolist())

print("\nFirst 5 rows:")
print(df.head())
print("\nData types:")
print(df.dtypes)
</code>

<predict>
<intent>Load and inspect the dataset to understand its
↪→ structure and variables.</intent>

<state_prediction>
This should create a dataframe containing the

↪→ dataset and output the column names, first few
↪→ rows, and data types to the console.

</state_prediction>
<contribution>

Now that the data structure is known, we can
↪→ identify relevant variables for analysis and
↪→ determine if preprocessing is needed before
↪→ modeling.

</contribution>
<status_check>

Logic appears valid. Expected to succeed.
</status_check>

</predict>

<interpreter>
The code run successfully:
Columns in the dataset:
['Patient ID', 'Age', 'Gender', 'Symptoms Severity', ...,

↪→ 'Treatment Duration', 'Treatment Outcome']
...
</interpreter>

<think>
I notice that Treatment Duration, Symptoms Severity, and

↪→ Treatment Outcome are stored as objects (likely
↪→ strings), so I need to preprocess them... Let me
↪→ first examine the unique values.

</think>

<code>
print("Unique values in Treatment Duration:")
print(df['Treatment Duration'].unique())
...
</code>

<predict>
<intent>Examining unique values in categorical
↪→ variables to determine encoding strategies</
↪→ intent>

<state_prediction>
This should display the unique string values

↪→ present in Treatment Duration, Symptoms Severity,
↪→ Treatment Outcome, and Current Medication
↪→ columns.

</state_prediction>
<contribution>

Now that we understand the categorical variable
↪→ distributions, we can proceed with appropriate
↪→ encoding methods.

</contribution>
<status_check>

Logic appears valid. Expected to succeed.
</status_check>

</predict>

<interpreter>
The code run successfully:
Unique values in Treatment Duration: ['15 days' '5 days'

↪→ ...]
Unique values in Symptoms Severity: ['Low' 'Moderate' '

↪→ High']
...
</interpreter>

<think>
Now I understand the data structure better... Let me

↪→ preprocess the data accordingly and then perform
↪→ regression analysis.

</think>

<code>
df['Treatment_Duration_Numeric'] = df['Treatment Duration

↪→ '].str.extract('(\d+)').astype(int)
severity_mapping = {'Low': 1, 'Moderate': 2, 'High': 3}
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df['Symptoms_Severity_Numeric'] = df['Symptoms Severity'].
↪→ map(severity_mapping)

outcome_mapping = {'Unsuccessful': 0, 'Successful': 1}
df['Treatment_Outcome_Numeric'] = df['Treatment Outcome'].

↪→ map(outcome_mapping)
medication_dummies = pd.get_dummies(df['Current Medication

↪→ '], prefix='Medication')
df = pd.concat([df, medication_dummies], axis=1)
features = ['Treatment_Duration_Numeric', 'Age', '

↪→ Symptoms_Severity_Numeric', '
↪→ Medication_Amoxicillin', '
↪→ Medication_Azithromycin', '
↪→ Medication_Ceftriaxone']

X = df[features]
y = df['Treatment_Outcome_Numeric']
</code>

<predict>
<intent>Preprocess categorical variables and create
↪→ feature matrix for regression analysis</intent>

<state_prediction>
This should create new numeric columns for

↪→ treatment duration, symptoms severity, and
↪→ treatment outcome, while generating dummy
↪→ variables for current medication.

</state_prediction>
<contribution>

Now that the data is properly encoded, we can
↪→ perform regression analysis.

</contribution>
<status_check>

Logic appears valid. Expected to succeed.
</status_check>

</predict>

<interpreter>
The code run successfully:
Feature matrix shape: (500, 6)
...
Medication_Amoxicillin True False ...
</interpreter>

...
<think>
Good! I've converted the boolean columns... Let me fit the

↪→ logistic regression model again.
</think>

<code>
import statsmodels.api as sm
X_with_const = sm.add_constant(X_processed)
logit_model = sm.Logit(y, X_with_const)
result = logit_model.fit()
</code>

<predict>
<intent>The code was attempting to fit a logistic
↪→ regression model to determine the causal effect
↪→ ... but encountered a singular matrix error due
↪→ to multicollinearity.</intent>

<failure_analysis>
- Is it a Variable issue? Yes. The error "Singular

↪→ matrix" indicates perfect multicollinearity.
- Is it a Logic/Type issue? Yes. The one-hot

↪→ encoded medication variables are perfectly
↪→ collinear.

</failure_analysis>
<root_cause>The one-hot encoded medication variables (
↪→ Amoxicillin, Azithromycin, Ceftriaxone) are
↪→ perfectly collinear, creating a singular matrix
↪→ .</root_cause>

<correction_suggestion>Drop one of the medication
↪→ dummy variables (e.g., use drop_first=True) to
↪→ eliminate multicollinearity.</
↪→ correction_suggestion>

</predict>

<interpreter>
The code run failed:
numpy.linalg.LinAlgError: Singular matrix
</interpreter>

<think>
The "Singular matrix" error suggests multicollinearity. I

↪→ should remove one of the medication categories

↪→ to avoid the dummy variable trap.
</think>

<code>
features_reduced = ['Treatment_Duration_Numeric', 'Age', '

↪→ Symptoms_Severity_Numeric', '
↪→ Medication_Amoxicillin', '
↪→ Medication_Azithromycin']

X_reduced = X_processed[features_reduced]
X_with_const = sm.add_constant(X_reduced)
logit_model = sm.Logit(y, X_with_const)
result = logit_model.fit()
</code>

<predict>
<intent>The code was attempting to perform logistic
↪→ regression analysis... The error occurred due to
↪→ a missing import statement for statsmodels.</
↪→ intent>

<failure_analysis>
- Is it a Variable issue? Yes. 'sm' is not defined

↪→ in the current scope.
</failure_analysis>

</predict>

<interpreter>
The code run failed:
NameError: name 'sm' is not defined
</interpreter>

<think>
I need to import statsmodels.api again... Let me fix this

↪→ and run the analysis again.
</think>

<code>
import statsmodels.api as sm
import numpy as np
X_reduced = X_processed[features_reduced]
X_with_const = sm.add_constant(X_reduced)
logit_model = sm.Logit(y, X_with_const)
result = logit_model.fit()
print(result.summary())
</code>

<predict>
<intent>Fit a logistic regression model to assess the
↪→ causal relationship... while controlling for
↪→ confounding variables.</intent>

<state_prediction>
This should successfully fit a logistic regression

↪→ model with the reduced feature set.
</state_prediction>
<status_check>

Logic appears valid. Expected to succeed.
</status_check>

</predict>

<interpreter>
The code run successfully:
Optimization terminated successfully.
...
1 Treatment_Duration_Numeric 0.0131 0.6537 1.0132
...
</interpreter>

<think>
Perfect! The logistic regression model has run

↪→ successfully... All the analyses consistently
↪→ show that treatment duration does not have a
↪→ statistically significant effect.

</think>

<answer>
No, the analysis shows that treatment duration does not

↪→ have a statistically significant causal effect
↪→ on treatment outcome (p-value = 0.654,
↪→ correlation = 0.028) when controlling for other
↪→ factors.

</answer>

E Training Analysis
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Stage 1 Reward TableBench DABench

Racc + 0.5 ·Rcons 50.98 71.98
0.5 ·Racc +Rcons 50.38 71.85
Racc +Rcons (Ours) 52.60 70.69

Table 8: Effect of reward ratio in Stage 1 on Qwen3-
1.7B.

Sensitivity to Reward Weight. As shown in Ta-
ble 8, equal weighting achieves the highest ac-
curacy on TableBench while remaining compet-
itive on DABench, yielding the best overall bal-
ance between foresight calibration and task perfor-
mance. Reducing either weight consistently low-
ers TableBench accuracy, suggesting that strong
calibration pressure is critical for complex table
analysis tasks.

F Inference Analysis

Model Infer TA TP Turns

DataSight-1.7B React 44.55 83.18 5.01
+PnI 45.77 83.39 4.62

DataSight-4B React 58.60 82.99 4.35
+PnI 60.07 84.48 4.27

DataSight-8B React 62.20 83.21 4.36
+PnI 64.13 85.24 4.30

Table 9: Predict-and-Intercept (PnI) evaluation. TA:
Task Accuracy; TP: Total Precision (the ratio of ac-
tions where both foresight prediction and execution suc-
ceeded); Turns: Average interaction turns with the inter-
preter.

Interception across benchmarks. As shown in
Table 9, PnI consistently yields performance gains
across all model scales. More importantly, the
proportion of successful action-level predictions
and executions (TP) significantly increases (e.g.,
+2.03% for the 8B model), indicating that the
model’s foresight is not only accurate but also
effectively guides the policy to avoid erroneous
paths. Furthermore, PnI leads to a reduction in
the average number of interactions with the real
interpreter (Turns), confirming that pre-execution
interception filters out flawed actions early in the
reasoning chain. While PnI introduces additional
overhead for internal token generation, it signifi-
cantly reduces the costs associated with calling ex-
pensive or time-consuming external environments,
such as high-fidelity physical simulators or large-
scale databases. This efficiency gain proves that
foresight-guided inference allows the model to re-

flect internally, enabling more robust and stream-
lined interactions with the environment.

Metric k=0 k=2 k=3 k=4 k=5

Avg@3 26.75 33.40 34.48 33.83 34.05
Pass@3 39.91 42.70 45.06 44.85 45.92

Table 10: Effect of maximum intercept attempts k on
Qwen3-8B accuracy (%) on DSBench. k = 0 denotes
standard ReAct inference without interception.

Sensitivity to Intercept Attempts. Table 10
shows the effect of maximum intercept attempts k
on DSBench. Performance improves substantially
from k = 0 (no interception) to k = 3 (Avg@3:
26.75% → 34.48%), confirming that preemptive in-
terception effectively reduces context-polluting fail-
ures. Beyond k = 3, gains plateau with marginal
fluctuation, suggesting that most interceptable fail-
ures are resolved within three attempts. We adopt
k = 3 as the default configuration balancing effec-
tiveness and inference overhead.

CoT vs. Agentic Reasoning. Recent work shows
that LLMs possess non-trivial predictive capabil-
ities in text-based environments (Li et al., 2026c;
Guan et al., 2023; team et al., 2025; Zheng et al.,
2026; Chen et al., 2025), providing empirical
grounding for our foresight training design. How-
ever, such capability alone is insufficient. As shown
in Table 11, even when CoT is given full table con-
tent in context, DataSight consistently outperforms
it across all model scales on TableBench. Moreover,
CoT is fundamentally inapplicable to benchmarks
like DABench, where data resides in large files that
cannot fit in a prompt. This confirms that itera-
tive environmental exploration is not optional but
necessary for real-world data analysis.

Model Method TableBench

Qwen3-1.7B CoT 28.89
DataSight 55.42

Qwen3-4B CoT 60.54
DataSight 67.3

Qwen3-8B CoT 60.77
DataSight 69.42

Table 11: CoT vs. DataSight on TableBench. CoT em-
beds table contents directly in prompt context, while
DataSight explores data through code execution.

Successful Execution Latency Analysis Fig-
ure 10 shows the latency distribution for success-
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Figure 10: Interpreter execution latency distribution on
BIRD. Dashed lines indicate median latency. Foresight
training reduces median latency across successful exe-
cutions.

ful executions. The median latency difference is
smaller (0.21s vs. 0.19s) compared to the overall
and failed distributions, which is expected since
successful queries are generally well-formed and
efficient regardless of training method. However,
foresight training still substantially reduces high-
latency outliers (8 vs. 1 exceeding 15s), suggesting
that even among ultimately correct queries, the
action-only model occasionally arrives at valid re-
sults through inefficient execution paths that fore-
sight training learns to avoid.

Recovery Strategies Upon receiving error feed-
back, the model’s subsequent response is classified
into one of the following five strategies to assess
its error-awareness and self-correction efficiency:

Re-inspect Data: The model proactively attempts
to examine the data structure by invoking
diagnostic commands such as df.head(),
df.info(), or df.columns. This strategy in-
dicates a high degree of environment aware-
ness, as the model seeks empirical evidence
to resolve ambiguities.

Fix Runtime: The model attempts to resolve run-
time exceptions by adding error-handling
logic (e.g., fillna()), correcting index off-
sets, or adjusting data type conversions with-
out changing the overall analytical approach.

Fix Syntax: A straightforward correction of typo-
graphical or structural errors in the code, such
as fixing indentation or closing string literals,
to ensure the script becomes executable.

Retry Same: A passive recovery attempt where
the model re-submits nearly identical or func-
tionally equivalent code without addressing
the underlying cause of the error. This often

results in a repetitive failure loop, reflecting
low interactive resilience.

Change Approach: A strategic shift where the
model abandons its current analytical path
in favor of a completely different methodol-
ogy or tool (e.g., switching from a complex
groupby operation to a simplified filtering
logic).

G Prompt Templates

We design several structured prompts to enable
foresight learning and evaluation.

Figure 11 instructs the LLM to predict execution
outcomes for successful code actions by simulat-
ing environment changes without observing actual
results. Figure 12 handles failed actions, guiding
the model to analyze error logs and suggest correc-
tions.

To prepare the model for multi-turn interaction,
Figure 13 provides a warm-up prompt that trains
the model to alternate between acting as an execu-
tor and a world model.

For online inference, Figure 14 defines the stan-
dard rollout protocol (Qiao et al., 2026), where
the model reasons in <think> tags, writes code in
<code> tags, and receives execution feedback in
<interpreter> tags.

We employ two judge prompts for evaluation.
Figure 15 evaluates final answer correctness (Qiao
et al., 2026), applying a 3% tolerance for numeri-
cal questions and exact match for multiple-choice.
Figure 16 checks consistency between the model’s
predicted execution outcome and the actual result,
returning a binary score.

Finally, Figure 17 introduces an intercept mech-
anism that triggers re-analysis when a predicted
failure is detected, enabling proactive correction
before erroneous observations enter the dialogue
history. To better guide the base model in interact-
ing with the environment, we prepend this prompt
with a multi-turn interaction hint during the first
rollout round.
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Prompt:Foresight trajectory construction I

You are an expert AI Data Scientist acting as a "World Model".
Your task is to **predict** the execution outcome of the current code snippet based on the
↪→ history.

**Context provided:**
1. User Request (Goal)
2. Execution History
3. Current Code (Action)
4. Masked execution result

**Constraint:**
You do NOT see the actual execution result because the code executed successfully.
You must simulate the runtime in your mind.

**Output Requirements (XML):**
<predict>

<intent>
What is this code trying to do?
</intent>
<state_prediction>

Predict the logical change in the environment.
- Use **future/conditional tense** (e.g., "This should create a dataframe...", "It is

↪→ expected to filter...").
- **Do NOT hallucinate** specific numbers or data values.
- Focus on variable creation, file updates, or data structure changes.

</state_prediction>
<contribution>

How does this specific step move the User's Goal forward?
(e.g., "Now that data is loaded, we can proceed to cleaning.", "This visualization will

↪→ help confirm the trend.")
</contribution>
<status_check>

Since the code is syntactically correct, confirm: "Logic appears valid. Expected to
↪→ succeed."

</status_check>
</predict>

Figure 11: Prompt to instruct LLM to generate prediction for successfully-executed action.

Prompt:Foresight trajectory construction II

You are an expert AI Data Scientist acting as a "World Model".
The current code execution has **FAILED**.

**Context provided:**
1. User Request
2. History
3. Current Code
4. **Error Log (Ground Truth)**

**Output Requirements (XML):**
<predict>

<intent>
What was the code trying to do?
</intent>
<failure_analysis>

Analyze the specific cause of the failure.
- Is it a **File Path** issue? (e.g., file not found)
- Is it a **Variable** issue? (e.g., undefined name)
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- Is it a **Logic/Type** issue?
- Map the error back to the specific line of code.

</failure_analysis>
<root_cause>

Briefly state the blocker (e.g., "The file 'data.csv' does not exist in the current
↪→ directory.").

</root_cause>
<correction_suggestion>

What should the Agent do differently in the next step to fix this?
</correction_suggestion>

</predict>

Figure 12: Prompt to instruct LLM to generate prediction for action failed to run.

Prompt: Foresight Trajectory Warm-up

You are an expert Data Science Agent possessing advanced foresight capabilities.
Your goal is to solve complex data analysis tasks step-by-step while accurately predicting the
↪→ consequences of your actions before they occur.

# Role
You act as both the **Actor** (generating code/thought) and the **World Model** (simulating the
↪→ environment).

# Interaction Protocol
1. **User Input**:

- In the first turn, you will receive the **Task Context** and **User Question**.
- In subsequent turns, you will receive the **Execution Result (Observation)** from the

↪→ environment based on your previous code.

2. **Your Output**:
For every turn, you must output two distinct parts:
- **Part 1: Action**: Your thought process and the code to execute (wrapped in <code> tags).
- **Part 2: Prediction**: Immediately analyze what this code *will* do. Predict the data

↪→ state changes, potential output formats, or verify logic validity (wrapped in <predict> tags
↪→ ).

# Final Goal
Iterate until you can provide the final answer wrapped in <answer> tags.

Figure 13: Warm-up prompt for LLM to switch between actor and predictor roles in multi-turn interaction.

Prompt: Rollout Instruction

You are an expert-level data analyst and statistician who solves any data challenge through
↪→ rigorous logic, systematic planning, and deep investigation. Your primary task is to answer
↪→ user questions by analyzing the provided data source. You can solve the given problem step
↪→ by step with utilizing Python code execution (for CSV files) to support your reasoning.

# Problem-Solving Protocol

1. You should think through the problem logically, outlining your reasoning process in <think>
↪→ and </think> tags.
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2. After reasoning, write the appropriate code to execute your plan. Place your code between <
↪→ code> and </code> tags.

- For CSV files and excel files, write Python code using libraries like pandas, numpy, sklearn,
↪→ etc. to analyze the data. If plotting is required, rely on matplotlib.The format should be:

```python

<your python code here>

```

3. The execution results will be returned in <interpreter> and </interpreter> tags.

4. Every time you get the code execution result, you must conduct reasoning and analyze these
↪→ results carefully between <think> and </think>. If the result indicates an error or
↪→ unexpected behavior, explain the issue and rewrite the previous step code. Or the result
↪→ indicates the code ran successfully, analyze whether the original problem has been fully
↪→ solved.

- If it has been solved, explain your reasoning and then provide the final answer wrapped in <
↪→ answer>...</answer>.

- If not, continue reasoning and provide the next step of code based on your previous correct
↪→ code.

5. Whenever you\'re confident about the result, you can directly provide your answer to
↪→ question inside <answer>...</answer>.

- If the question can be answered with a number or natural language, directly provide the
↪→ answer inside <answer>...</answer>. Ensure that the tags contain **ONLY** the final result,
↪→ without any prefixes like "The final answer is". (e.g. <answer>3</answer>)

- If the question requires generating a chart or plot, the content within the <answer> tags
↪→ must be the complete, executable, and correct Python code snippet that generates the chart.
↪→ The format should be:

<answer>

```python

<your python code here>

```

</answer>

# CSV File and Excel File Analysis Notes

1. Load data from \'data/files\' directory using the specified CSV or Excel filename. Temporary
↪→ files can be saved to \'data/tmp\'.

2. In your first step, you should use print() to inspect the data columns, first 3 rows and the
↪→ type of the columns and so on to understand the data structure.

3. If you want to get the value of a variable in your code, you must print out it using print()
↪→ (e.g., print(f"max: {{max}}")) to understand the current value and state of variables.

4. Only proceed to the next step of code if the current step is written correctly. Each step
↪→ must build on the previous code.

# Additional Notes:

1. Avoid including irrelevant commentary outside of the designated tags <think>, <code>, <
↪→ interpreter>, and <answer>.
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2. If the last step is not correct, you should first conduct a deep analysis of the previous
↪→ step and then rewrite the code to fix the issue.

3. Keep your responses concise, structured, and directly tied to the original question.

# Data Source

**The data source path is \'{csv_rel_path}\'.**

Figure 14: Prompt used to instruct the LLM for online rollout and inference.

Prompt: LLM as Judge for Final Answer

Evaluate the correctness (0 for incorrect, 1 for correct) of the predicted answer to the
↪→ question:

Question: {trajectory[1]['content']}

Predicted answer: {prediction}

Ground truth answer: {ground_truth}

Rules for judgment:

1. For numerical questions, any result within 3% of the ground truth answer is considered
↪→ correct. Please compare abs(Predicted answer)/abs(True answer) with 3% to make your decision.
↪→

2. For multiple choice questions, exact match is required.

3. The answer should be clear and complete.

4. Calculation process alone is not considered correct.

Wrap your reasoning inside <thought></thought> and wrap accuracy score inside <score></score>
↪→ tags. Accuracy score should be 1 for correct and 0 for incorrect. Do not output any other
↪→ text or explanation.

Keep your reasoning concise, no more than 3-5 clear and informative sentences. Avoid repetition
↪→ or unnecessary elaboration. Only output the reasoning and score using the required tags.

Follow the output format as shown in the example below:

Example response:

<thought>The predicted answer is 115624, which exactly matches the ground truth. The relative
↪→ error is 0, well within the 3% threshold. The answer is clear, correct, and directly
↪→ responds to the question.</thought><score>1</score>

Figure 15: Prompt to instruct LLM to generate judgement for answer correction.
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Prompt: LLM as Judge for Action-Prediction Alignment

System:
You are a strict consistency evaluator for code execution predictions. Your only task is to
↪→ determine if a prediction about code execution (success or failure) matches the actual
↪→ execution outcome.
Return 1 if consistent, 0 if inconsistent.
Focus exclusively on whether the predicted outcome aligns with the actual outcome.
Be objective, strict, and follow the scoring rules precisely.

User:
Evaluate the consistency (0 for inconsistent, 1 for consistent) between the predicted execution
↪→ outcome and the actual execution result:
Model Prediction: {prediction}
Actual Execution Result: {actual_result}
Rules for judgment:
1. Score 1 if the prediction is logically consistent with the execution outcome.
2. Score 0 if the prediction contradicts the execution outcome.
3. For success prediction: The prediction indicates the code can run successfully and the
↪→ actual result shows successful execution.
4. For failure prediction: The prediction indicates the code may run failed with specific
↪→ problem and the actual result shows execution failure.
5. Do not consider partial correctness - it's either fully consistent (1) or not (0).

Wrap your reasoning inside <thought></thought> and wrap consistency score inside <score></score>
↪→ tags.

Keep your reasoning concise, no more than 2-3 clear sentences. Focus only on execution outcome
↪→ consistency.

Only output the reasoning and score using the required tags - nothing else.

Output format must be exactly:

<thought>[Your concise reasoning here]</thought><score>0</score> OR <thought>[Your concise
↪→ reasoning here]</thought><score>1</score>

Example Response:

<thought>The prediction correctly anticipated a failure due to division by zero, matching the
↪→ actual ZeroDivisionError.</thought><score>1</score>

Figure 16: Prompt to instruct LLM to judge action-prediction alignment.

Prompt: Agentic Rollout

Prefill text:
<think> I will write code snippets to interact with the user. I should put the code between <
↪→ code> and </code>. After writing the code, I will wait for execution feedback and engage in
↪→ multi-turn interaction to reach the final answer.</think>

Intercept:
<interpreter> Your previous logic or code was predicted to fail. Please re-analyze the problem
↪→ and provide a corrected version of the code or answer.</interpreter>

Figure 17: Prompt to instruct LLM to interact with the environment.
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